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

• A novel offline aerosol mass spectrom
etry method has been developed. 

• Burning-related OA was the largest 
contributor during peak PM 
concentrations. 

• Despite a ban, open waste and crop- 
residue burning were active in 2018. 

• Coal power station closures and coal-use 
reductions likely decreased OA. 

• Heavy goods vehicles restrictions may 
inadvertently cause increases in OA.  
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A B S T R A C T   

Some of the world’s highest air pollution episodes occur in Delhi, India and studies have shown particulate 
matter (PM) is the leading air pollutant to cause adverse health effects on Delhi’s population. It is therefore vital 
to chart sources of PM over long time periods to effectively identify trends, particularly as multiple air quality 
mitigation measures have been implemented in Delhi over the past 10 years but remain unevaluated. An 
automated offline aerosol mass spectrometry (AMS) method has been developed which has enabled high- 
throughput analysis of PM filters. This novel offline-AMS method uses an organic solvent mix of acetone and 
water to deliver high extraction recoveries of organic aerosol (OA) (95.4 ± 8.3%). Positive matrix factorisation 
(PMF) source apportionment was performed on the OA fraction extracted from PM10 filter samples collected in 
Delhi in 2011, 2015 and 2018 to provide snapshots of the responses of OA to changes in sources in Delhi. The 
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nine factors of OA resolved by PMF group into four primary source categories: traffic, cooking, coal-combustion 
and burning-related (solid fuel or open burning). Burning-related OA made the largest contribution during the 
winter and post-monsoon, when total OA concentrations were at their highest. Annual mean burning-related OA 
concentrations declined by 47% between 2015 and 2018, likely associated with the 2015 ban on open waste 
burning and controls and incentives to reduce crop-residue burning. Compositional analysis of OA factors shows 
municipal waste burning tracers still present in 2018, indicating further scope to reduce burning-related OA. The 
closure of the two coal power stations, along with initiatives to decrease coal use in industry, businesses, and 
residential homes, resulted in a significant decrease (87%) in coal-combustion OA. This corresponds to a 17% 
reduction in total OA, which shows the effectiveness of these measures in reducing PM10. Increases in traffic OA 
appear to have been offset by the introduction of the Bharat stage emissions standards for vehicles as the in
creases do not reflect the rapid increase in registered vehicles. However, daytime restrictions on heavy goods 
vehicles (HGVs) entering the city is linked to large increases in PM10 during the winter and post-monsoon, likely 
because the large influx of diesel-engine HGVs during the early mornings and evenings is timed with a partic
ularly low planetary boundary layer height that enhances surface concentrations.   

1. Introduction 

Air pollution is one of India’s biggest health problems. Over the past 
decade, there has been an increasing fossil fuels demand due to rapid 
growth in industry, registered vehicles and population (Gulia et al., 
2022). Electricity demands have also increased and the majority 
(~60%) is generated through coal-fired thermal power stations (Yang 
and Urpelainen, 2019). This, combined with widespread open burning 
of municipal waste and crop-residue, results in particularly poor air 
quality. Estimates for 2019 suggest 17.8% of premature deaths in India 
can be attributed to air pollution with 10.4% due to ambient particulate 
matter (PM) (Pandey et al., 2021). One of the most polluted cities in 
India is Delhi, which is a densely populated megacity with over 31.2 
million inhabitants (Sharma et al., 2021), and in which PM concentra
tions frequently exceed World Health Organization (WHO) guideline 
concentrations (Sharma et al., 2018). The characterization of the sources 
of PM is therefore critical for development of air quality mitigation 
strategies. 

Aerosol Mass Spectrometry (AMS) has been used for two decades to 
quantify PM1 chemical composition (DeCarlo et al., 2006; Hunt and 
Petrucci, 2002), but the instruments are costly to deploy and require 
specialist knowledge to operate in the field. As a result, measurement 
campaigns are generally short, particularly when using high-resolution 
time-of-flight AMS (HR-TOF-AMS) and data prior to 2017 are very 
limited. There is a particular paucity of AMS measurements conducted 
in India. A recent development has been HR-TOF-AMS measurements on 
resuspended airstreams of PM filter samples (offline-AMS) (Bozzetti 
et al., 2017; Daellenbach et al., 2016, 2017). This enables 
high-resolution chemical analysis of PM without the additional cost of 
HR-TOF-AMS field deployment. Research institutes and statutory 
monitoring bodies often store filter archives to be reanalysed which 
creates the opportunity to characterize PM from the past, and the pre
sent, using one technique. 

The current offline-AMS methods focus on using water as the 
extracting solvent which limits the fraction of the organic aerosol (OA) 
component that can be extracted from PM filter samples, particularly as 
the majority of studies report that water-insoluble OA (WIOA) contrib
utes between 10 and 84% of total OA (Ge et al., 2017; Jayarathne et al., 
2018; Li et al., 2015; Saarikoski et al., 2008; Sun et al., 2011; Ye et al., 
2017). The amount of WIOA is accentuated by the primary organic 
aerosol (POA) content which originates from sources such as traffic and 
cooking for which recovery by water extraction is particularly low 
(Daellenbach et al., 2016). This is an issue when measuring PM in places 
with high primary emissions of OA. Since previous studies have shown 
this to be the case in Delhi (Cash et al., 2021; Reyes-Villegas et al., 
2020), we have developed an offline-AMS method that uses an organic 
solvent mix to extract OA from PM filter samples. The following po
tential issues arise with using organic solvents in offline-AMS (Bozzetti 
et al., 2017): 

1. The potential for the solvent to cause a high AMS organics back
ground and  

2. The potential for the solvent to interact or react with the extracted 
sample organics. 

Previous studies using organic solvents to extract PM from filters 
have shown a reduction in the organics background after using 
activated-carbon-filled diffusion dryers (Chen et al., 2016; Han et al., 
2016; Mihara and Mochida, 2011). For example, Mihara and Mochida 
(2011) reported good agreement between mass spectra measured using 
deuterated or non-deuterated methanol and ethyl acetate solvents to 
extract PM from filters, even after leaving the samples for 1 week at 
room temperature. This suggests organic solvents offer high stability (i. 
e. resistance to compositional change due to chemical reaction) and the 
possibility of an offline-AMS method with minimal contamination from 
the solvent. 

Over the last 20 years, a series of mitigation strategies have been 
implemented in Delhi to curb the high concentrations of air pollutants 
(Table 1). A number of vehicle emissions and fuel standards (Bharat 
stages) were implemented in 2000, 2005, 2010 and 2018 (Gulia et al., 
2018). These have gradually decreased the tailpipe emissions of vehicles 
in Delhi (and other metro cities). The first strategy to have a 

Table 1 
Air quality mitigation strategies implemented in Delhi over the last 20 years. The 
table is adapted from that presented in Gulia et al. (2018).  

Mitigation strategy Year Sources or areas controlled 

Bharat stage I 2000 All vehicles 
Bharat stage II 2000 Initially in metro cities 

(including Delhi) 
Public transport vehicles moved from 

diesel to compressed natural gas 
(CNG) engines 

2001 Public transport 

Bharat stage III 2005 Initially only in national capital 
region (NCR – Delhi included) 

Bharat stage IV 2010 Initially only in NCR 
Heavy goods vehicle (HGV) restrictions 

(7:00 a.m.–10:00 p.m.) 
2014 HGVs 

Ban on open waste burning 2015 Residents of Delhi 
Shutdown of the Rajghat thermal power 

station 
2015 Located in the east of New Delhi 

Ban on >2000 cc diesel-engine vehicles 2016 Luxury diesel vehicles 
No entry for HGVs in NH-2,10 and 58 

area codes 
2016 HGVs 

Odd-even car scheme 2016 Cars 
Deregistration of diesel vehicles older 

than 10 years or more 
2016 Diesel vehicles 

Ban on crop-residue burning 2016 Neighbouring states of Uttar 
Pradesh, Haryana, Punjab, 
Rajasthan 

Bharat stage VI 2018 NCR 
Shutdown of the Badarpur thermal 

power station 
2018 Located in the southeast district 

of Delhi  
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demonstrable effect on air quality was the shift in 2001 from 
diesel-engine public transport vehicles to compressed natural gas (CNG) 
fuelled vehicles (Kathuria, 2005; Krelling and Badami, 2022). However, 
the observed decease in PM10 concentrations in 2001 and 2002 was 
short-lived as the increase in registered vehicles subsequently led to 
increased concentrations (Sindhwani and Goyal, 2014). There were 6.35 
million registered vehicles in 2011, rising to 8.29 million in 2014, and to 
more than 11 million in 2020 (Jain et al., 2020). Further diesel-related 
mitigation strategies were therefore implemented. In 2014, time re
strictions (7:00 a.m.–10:00 p.m.) were put in place for heavy goods 
vehicles (HGV) entering the city in order to reduce congestion and 
midday peaks in traffic emissions. In 2015, there was a ban on open 
waste burning as studies started to suggest this produced significant air 
pollutant concentrations (Gulia et al., 2018). In 2016, there was a ban on 
luxury diesel vehicles (engines >2000 cc) and on diesel vehicles 10 years 
or older, and a complete ban on HGVs in certain areas of Delhi (Gulia 
et al., 2018). Also in 2016, a scheme was designed to restrict the number 
of cars entering the city according to whether the vehicle number plate 
begins with an odd or even number. This “Odd-even scheme” has been 
evaluated as an “unsuccessful” mitigation measure (Chowdhury et al., 
2017) causing only a small decrease in air pollutants (Sharma et al., 
2017). 

Some of these strategies are untested for their efficacy and, to our 
knowledge, the majority of evaluations have been confined to total PM10 
mass-based measurements (Kathuria, 2005), global satellite observa
tions (Chowdhury et al., 2017) or model simulations (Gulia et al., 2018, 
2022; Sindhwani and Goyal, 2014) which do not provide a robust 
measurement-based link between changes in concentration and in 
emissions from specific sectors. A more detailed analysis of the historic 
sources of PM10 would improve evaluation of past mitigation 

implementations. Consequently, in this work, we apply a 
high-throughput offline-AMS analysis protocol to analyse PM samples 
collected over multiple years and use this to track the contribution of 
different sources via source apportionment analysis of the organic 
fraction. The results are used to chart the extent to which mitigation 
strategies are associated with changes in PM from the intended sources. 

2. Methods 

2.1. Filter sample collection 

Filter samples were collected at a 10 m height at the CSIR-National 
Physical Laboratory (CSIR-NPL) situated west of central New Delhi 
(28◦38 N, 77◦10′ E) (Fig. 1). The CSIR-NPL campus is surrounded by 
agricultural fields in the northwest and southwest (~1.5 km), managed 
by the Indian Agriculture Research Institute. There are busy roads ~100 
m to the north, northwest and west, along with green parks and forests 
~1.2 km to the south. The large Lohamandi and Mayapuri industrial 
areas are situated ~5 km to the southwest. There are large residential 
and commercial areas to the northwest (Kirti Nagar, ~3 km), north 
(Patel Nagar, ~1 km) and northeast (Karol Bagh, ~1 km). There are also 
two nearby thermal power stations: The Rajghat thermal power station 
(~8 km east) and the Badarpur thermal power station (~20 km 
southeast). 

Filter samples analysed here were collected from January until 
December for the years of 2011 (n = 50), 2015 (n = 113) and 2018 (n =
80). In 2011, the filters were sampled 4–5 times a month on an 8 h basis 
every Wednesday, during the morning (10:00 to 18:00 h) and night 
(18:00 to 02:00 h), using a Respirable Dust Sampler (Model: PEM-RDS 
8NL, S/No.:1709; Make: M/s. Polltech Instruments, Mumbai, India). 

Fig. 1. Map of New Delhi showing the area surrounding the measurement site (marked with an orange circle) along with labels showing the position of the Rajghat 
thermal power station (blue circle) and a blue arrow indicating the direction of the Badarpur thermal power station. 
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For 2015; 2018, the filters were sampled over 24 h (10:00 to 10:00 h) 
with at least two filters being sampled per week (weekdays and week
ends included to reduce the day-of-the-week effect) using a Respirable 
Dust Sampler (Model: AAS-217 NL; Make: M/s. Ecotech, Delhi, India). 
The quartz fibre filters (QM-A) were prebaked (550 ◦C for 6 h) before 
sampling at a flow rate of 1.2 m3 min− 1 with ±2% accuracy. The filters 
were stored at − 20 ◦C before analysis. More information on the sam
pling method is described in previous studies (Banoo et al., 2020; Jain 
et al., 2020; Sharma et al., 2014, 2021). 

The difference in the sampling schedule in 2011 compared to 2015 
and 2018 may have allowed the PMF model to separate factors based on 
intraday variability. This could cause factors to be separated for 2011 
that do not exist in 2015 and 2018; however, we did not find this to be 
the case and therefore we did not combine samples to represent daily 
measurements. The PMF factors that resulted were consistent with those 
seen before in Delhi. 

For data analysis, the year is split into four seasons: winter 
(January–February), pre-monsoon/summer (March–May), monsoon 
(June–September) and post-monsoon (October–December). The sea
sonal averages of temperature and relative humidity are summarised in 
Fig. 2. Half hourly temperatures decrease to a minimum of ~3 ◦C in 
winter, with peak temperatures of ~47 ◦C in summer. The monsoon is 
characterised by large rainfall events during which relative humidity is 
high compared to its adjacent seasons (monsoon average ~ 70%). The 
post-monsoon and winter seasons exhibit dramatic changes in the 
diurnal planetary boundary layer height caused by sharp changes in 
temperature between the day and night. The contraction in the bound
ary layer during the night causes near-surface pollutant concentrations 
to increase significantly. As temperatures drop further in the winter, 
severe fog and haze events cause reduced visibility. 

2.2. Offline-AMS 

A new fully-automated sampling system to perform high-throughput 
analysis of filter extracts was developed for this study (Figure S1, sup
plementary information (SI) Section S1). Filter punches of area 2 cm2 

were first extracted in a solvent (5 mL) and ultrasonicated for 20 min at 
30 ◦C. A range of solvents were assessed, and the final solvent mix 
chosen to extract the filter samples was 1:1 acetone (99.8%, HPLC grade, 
Thermo Scientific™) to ultrapure water (18.2 MΩ cm, total organic 
carbon (TOC) < 5 ppb, 25 ◦C). Details on how this solvent was chosen 
are provided in SI section S2. The extracts were then filtered (0.45 μm 
pore size) before being placed in an autosampler for injection of samples 
into a tailor-made nebuliser and aerosolisation using compressed argon. 
The generated particles filled a PTFE spray chamber and excess liquid 
fell into a separate beaker. The chamber was fitted with a pressure 

sensor to ensure consistent aerosol production. The aerosol was then 
dried through a series of dryers which differed according to the solvent. 
A Perma Pure Nafion™ membrane dryer (model: MD-070, Perma Pure 
LLC) was used for removal of water from the airstream. For organic 
solvent removal, diffusion dryers filled with activated carbon were used 
along with a tailor-made gas-phase denuder filled with activated carbon 
monolith. 

The dried aerosol stream passed through to the inlet of a high- 
resolution time-of-flight aerosol-mass-spectrometer (HR-TOF-AMS, 
Aerodyne Research Inc.). The HR-TOF-AMS was operated in V-mode and 
further operational details and descriptions of the instrument can be 
found elsewhere (Canagaratna et al., 2007; DeCarlo et al., 2006). In 
summary, particles pass through a ~PM1 aerodynamic lens into the 
particle sizing time-of-flight chamber. Here, a chopper wheel controls 
the particle beam entering the chamber. Once sized, particles collide 
with a thermal vaporisation plate (600 ◦C) and the resultant 
non-refractory species are ionised (70 eV). The ions are propelled by a 
pulser into the time-of-flight m/z analyser before being detected. The 
measured signal is the difference between the signal measured when the 
chopper is closed (background spectrum) and open in order to remove 
background effects. Each filter extract was measured for a total of 5 min 
at one difference spectrum (= chopper open – chopper closed) per 15 s. 
This high measurement frequency allowed for anomalies in the aerosol 
stream to be removed from the 5-min averaged spectra. 

In between each sample run, an automated 7-min wash cycle was 
performed where ultrapure water (18.2 MΩ cm, total organic carbon 
(TOC) < 5 ppb, 25 ◦C) was injected into the sampling system. Samples of 
the solvent used for extraction were frequently included in the sample 
carousel. The solvent spectra and wash cycle spectra were subtracted 
from the final measurement to reduce memory effects. A typical sample 
run of AMS measured concentrations of nebuliser generated PM is 
shown in Figure S2. Detailed investigations into the possible effects of 
the extracting solvent on the offline-AMS measurements, along with an 
estimate of the OA recovery, are described in SI Section S3. 

A total of 2078 ions (including isotopes) were fitted (m/z 12–328) 
and analysed in SQUIRREL (Sequential Igor data Retrieval) v1.64 and 
PIKA (Peak Integration by Key Analysis) v1.24 which are coded in IGOR 
Pro (WaveMetrics, Inc., Portland, OR, USA). Peaks were fitted based on 
an improvement of the open and closed spectrum residual signals rather 
than using the difference spectrum residuals as this can cause ambiguity. 
Peaks were omitted if their average signal was less than 10 Hz ns− 1. 

Argon was used as the airbeam correction within SQUIRREL and, 
given the argon atmosphere, the CO+ peak (m/z 28) was fitted explicitly, 
rather than assumed to be equal to the signal at of CO2

+, which is stan
dard practise for ambient AMS analysis where the peak at m/z 28 is 
swamped by N2

+. An increase in CO2
+ was also observed when nebulising 

Fig. 2. Seasonal average temperature (blue diamonds) and relative humidity (cyan triangles) for the years of 2011, 2015 and 2018. The bars show the 25th and 75th 
interquartile range of the underlying hourly data. Values shown are an average across the entire season. 
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pure NH4NO3 which has previously been shown to be due to surface 
ionisation of organics within the instrument (Pieber et al., 2016). This 
arises from thermal decomposition reactions of NH4NO3 particles 
colliding with charred organic residue left on the particle vaporizer or 
ion chamber. The corrected CO2

+ signal, CO2,corr, was calculated using 
the relationship (Pieber et al., 2016): 

CO2,corr =CO2,amb −

(
CO2,meas

NO3,meas

)

NO4NO3,pure

× NO3,amb (1) 

The NO3
+ signal during ambient measurements, NO3,amb, is multiplied 

by the correction ratio ((CO2,meas/NO3,meas)NO4NO3,pure
), which is the ratio of 

the measured CO2
+, CO2,meas, to the measured NO3

+, NO3,meas, during the 
nebulisation of pure NH4NO3. This is then subtracted from the ambiently 
measured CO2

+ signal, CO2,amb. During these experiments, the surface 
ionisation effect was also found to interfere with the CO+ signal. This has 
previously been observed in AMS measurements but studies have chosen 
not to correct for it because not enough measurements were gathered 
(Pieber et al., 2016). We therefore use the same relationship as Equation 
(1), with all CO2 terms replaced with CO to find the corrected CO+

signal. The correction ratio for CO+ was higher (6.6%) than for CO2
+

(3.5%), which shows the need to include this correction when fitting 
CO+ independently. 

2.3. Measurements of OC/EC, WSOC and elements 

Organic carbon (OC) and elemental carbon (EC) concentrations were 
measured in triplicate for each filter sample (~0.54 cm2 punches) using 
thermal optical carbon analysis (Model: DRI, 2001A). The IMPROVE-A 
protocol was followed which, in brief, ramps the temperature (140, 
280, 480, 580, 740 and 840 ◦C) in a helium and oxygen environment 
(Chow et al., 2004). This allows for the quantification of different 
fractions of OC (OC1, OC2, OC3 and OC4) and EC (EC1, EC2 and EC3), 
along with pyrolyzed carbon (OP). The OC/EC analyser was calibrated 
in 4.8% CO2 and 95.2% helium. Peak area calibrations were performed 
daily using 5% CH4 in 95% helium and an error of 3–7% was estimated 
for OC and EC concentrations. 

Water-soluble organic carbon (WSOC) was measured using a total 
organic carbon (TOC) analyser (Shimadzu TOC-L CPH/CPN, Japan) and 
a catalytic combustion oxidation method. Punches (~0.4 cm2) of each 
PM10 filter were extracted in ultrapure Milli-Q water (18.2 M Ω cm) and 
sonicated in triplicate for 45 min at 50 ◦C. A platinum catalyst at 680 ◦C 
was used to convert the carbon in filtered (0.2 μm pore) extracts (5–10 
mL) into CO2 which was measured by a nondispersive infrared detector 
(NDRI). Consecutively, inorganic carbon in the water extract was 
determined by measuring the evolved CO2 from another sample aliquot 
after it was acidified (pH 2) with 25% phosphoric acid. The NDIR de
tector response for inorganic carbon was calibrated with a Na2CO3 
standard. WSOC was estimated from the difference between the total 
carbon and the inorganic carbon. The water-insoluble organic carbon 
(WIOC) was then calculated by subtracting WSOC from the thermal 
optical carbon analyser OC measurement (WIOC = OC–WSOC). Stan
dards of potassium hydrogen phthalate were used for calibration and 
blank filters were measured every 10 samples to correct for background 
concentrations. Triplicate sample analysis yielded a repeatability error 
of 3–10%. 

A wavelength dispersive X-ray fluorescence spectrometer (WD-XRF, 
ZSX Primus, Rigaku, Japan) was used to measure the PM10 elemental 
concentrations of Al, B, Ca, Cl, Cr, Cu, Fe, K, Mg, Mn, Mo, Na, Ni, P, Pb, 
S, Ti, Zn and Zr. Measurements were taken under vacuum at 36 ◦C and 
using a 2.4 kW tube rating. Micro-matter thin-film standards were used 
for calibration and samples were measured in triplicate with a repeat
ability error of 5–10%. Detailed information on the calibrations and 
measurements are described in previous publications for OC/EC, WSOC 
and WD-XRF measurements (Banoo et al., 2020; Jain et al., 2020; 
Sharma et al., 2014, 2021). 

2.4. Meteorological measurements 

Temperature and dewpoint temperature measurements are from 
Indira Ghandi International Airport in New Delhi at 1 h resolution 
(downloaded at: https://ncdc.noaa.gov/, last access: 03/02/2022). The 
relative humidity, RH, was calculated using the Magnus approximation: 

RH = exp

(
bc(Dp− T)

(c+T)(c+Dp)

)

. (2)  

Here, Dp is the dewpoint temperature and T is the air temperature (in 
oC), while b (17.625) and c (243.04 ◦C), are constants which apply to the 
following set of atmospheric conditions: 0 ◦C < T < 60 ◦C, 1% < RH <
100% and 0 ◦C < Dp < 50 ◦C. 

The planetary boundary layer (PBL) height and surface solar radia
tion downwards (SSRD) were taken from the ERA5 land model from the 
ECMWF (https://cds.climate.copernicus.eu/cdsapp#!/home) at 1 h and 
0.25◦ resolution. Although Nakoudi et al. (2018) found the ERA5 model 
overestimated PBL height in Delhi during convective hours (9 a.m. - 12 
p.m.), they reported a strong correlation between the SSRD and lidar 
measurements. For this study, only the relative change in PBL height 
between seasons is considered and the absolute values are not critical to 
the findings. 

2.5. Source apportionment 

Positive Matrix Factorisation (PMF) is a multivariate analysis tool 
commonly used to separate a data matrix of pollutant concentration 
time series into source “factors” (Paatero and Tapper, 1994). In this 
instance, we use the mass spectral profile of the organic aerosol (number 
of measured ions m = 816), m, of each filter sample (n = 166) and 
combine them to form a matrix, m× n, with time series rows of m/z 
species, n. The model can be summarised as: 

X=FG + E (3)  

where the measured m × n data matrix, X, is equal to the factor profile 
m × p matrix, F, multiplied by the factor time series p × n matrix, G, 
plus, the residual m × n matrix, E. The user determines the number of 
factors, p, using the value of Q which is calculated as follows: 

Q=
∑m

i=1

∑n

j=1

(
eij

σij

)2

(4) 

Here, eij and σij are the residual and measurement matrices, respec
tively. A Q value of 1 equates to a model solution that perfectly describes 
the measured data with all measurement uncertainty incorporated 
within the residuals. Optimisation of Q is achieved by increasing p until 
the change in Q, ΔQ, is small, which signifies that an increase in factors 
no longer improves the solution. The PMF2 algorithm was used in 
robust-mode using the Multilinear Engine 2 (ME-2) (Paatero, 1999) to 
explore the a (anchor)-value space when anchor profiles are used. The 
PMF Evaluation Tool (PET, v3.00) was used for more general solution 
exploration as it requires less CPU and less time than ME-2 (Ulbrich 
et al., 2009). The error matrix was down-weighted based on the con
ditions set out by Paatero and Hopke (2003), i.e. species with a 
signal-to-noise ratio (SNR) < 2 are down-weighted by a factor of 2 and 
species with a SNR <0.2 by a factor of 10. 

The error matrix was composed of both the AMS measurement un
certainties, αij, and the combined background concentrations of the 
solvent and the wash cycle, βij. The error has been calculated this way in 
previous offline-AMS studies (Bozzetti et al., 2017; Daellenbach et al., 
2016) and uses the following equation: 

σij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

α2
ij + β2

ij

√

(5)  

where, αij, is calculated according to statistical counting errors and ion- 
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to-ion variability as described in Allan et al. (2003). 
The PMF solution presented here was determined using analyses 

described in SI Section S4. 

2.6. Calibration of offline analyses 

The input matrices were converted to atmospheric concentrations 
using the OM/OC ratios measured by offline-AMS, 

( OM
OC

)

offline− AMS, and 
the OC measurements, OCOC/EC, made by the thermal optical carbon 
analyser using the relationship: 

OMamb =

(
OM
OC

)

offline− AMS
× OCOC/EC (6)  

in which OMamb is the atmospheric organic matter concentrations 
calculated in units of μg m− 3. 

The final 9-factor solution was chosen from over ~100 possible so
lutions using FPEAK rotations to explore the rotational ambiguity and 
using initialisation SEEDs. These can be described as pseudorandom 

starting points from which the PMF model starts its analysis. The sta
bility of each solution was also explored using bootstrapping analysis 
(50 runs) and the final 9-factor solution was the most stable. ME-2 was 
also used to anchor each solution to the online-PM1 profiles in a previous 
AMS study conducted in Delhi (Cash et al., 2021). The most significant 
difference in the profiles of the PM10 filters when run unconstrained 
compared to the anchored solution was the level of oxidation in the POA 
factors. This caused unusual results that no longer resembled recognis
able source factors. We therefore continued to use the unconstrained 
PMF model solutions and more details on the choice of the solution is 
given below. 

3. Results 

3.1. PMF factor identification 

The factor profiles and concentration time series for the 9-factor 
solution are presented in Fig. 3, along with the time series of tracers 
to help identify each factor. There are two traffic-related factors, one 

Fig. 3. (a) Factor profiles and (b) factor concentration time series for the 9-factor solution. The profiles for factors SFOA1 and OBBOA have split y-axes to display 
more detail of their composition. Elemental analysis ratios for OM:OC, H:C, O:C and N:C are shown for each factor in (a). The tracer time series (right y-axis) for each 
factor underlie each graph in (b) and the Pearson’s r (Pr) correlations between factor and tracer are also shown. Note: for some tracer species, the measurements are 
not complete for all three years. The AMS measured ions, [C5H8O]+ and [C8H8O2]+, respectively represent a tracer used to identify cooking OA and a fragment of 
dibenzodioxin called benzodioxan. 
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named hydrocarbon-like organic aerosol (HOA) and the other named 
nitrogen-rich HOA (NHOA), and three burning-related factors, two of 
which are linked to different sources of solid-fuel burning (SFOA1 and 
SFOA2), while another is linked to aged and more oxidised biomass 
burning OA (OBBOA). There is also a factor relating to coal-combustion 
OA (CCOA), another to cooking OA (COA), and two secondary OA fac
tors separated based on their oxygen content: less-oxidised oxygenated 
OA (LO-OOA) and more-oxidised OOA (MO-OOA). The attribution to 
sources and naming is based on the comparison of mass spectra with 
those identified in previous studies, including the presence of individual 
characteristics such as a higher m/z 55 to m/z 57 ratio for COA than for 
HOA (Mohr et al., 2012) and the presence of m/z 60 and m/z 73 (lev
oglucosan) in factors containing biomass burning emissions (see below). 
Encouragingly, the PMF analysis did not identify a factor that reflected 
the solvent itself providing further evidence that the scrubbers were 
efficient in removing the acetone. 

The traffic factor, HOA, has the strongest correlation of all factors 
with Cu (Fig. 3) which is a well-known tracer for traffic-related (non- 
exhaust emission) PM10 due to the wear of metallic brake pads on ve
hicles (Denier van der Gon et al., 2007; Harrison et al., 2021). The 
second traffic factor, NHOA, has a similar mass profile and elemental 
composition to HOA, except NHOA has higher nitrogen-containing 
family peaks (CHN and CHO1N) and a higher N:C ratio (Fig. 3). The 
NHOA factor has previously been observed in Delhi using online-AMS 
measurements and a similar distinction was made where one traffic 

factor is richer in nitrogen (Cash et al., 2021). Another study also 
observed a separation of traffic-related volatile organic compounds 
(VOCs) into two PMF factors (Wang et al., 2020). These studies have 
made the link between the second (NHOA) traffic factor and heavy 
goods vehicle (HGV) restrictions occurring during the day. These re
strictions cause a large influx of mostly diesel-engine HGVs into the city 
during the evenings and early hours of the morning. 

The NHOA factor shows a strong correlation with PAHs (Pearson’s r 
= 0.823) and since diesel engines emit large concentrations of PM PAHs 
(Singh et al., 2020) this supports diesel emissions contributing to NHOA. 
Through offline-AMS measurements, a total of 15 PAHs were measured 
on the filters which are mostly unsubstituted PAH species; all have been 
measured in previous AMS studies (Herring et al., 2015). The profiles of 
these PAH species in each factor are shown in Fig. 4. The breakdown of 
total PAH mass into factors is also shown, along with the percentage 
composition of PAHs within each factor. Fig. 4 shows NHOA has the 
highest composition of PAHs (0.733%) and contributes the largest 
proportion to total PAH mass (21.5%). There is some indication that the 
NHOA factor PM concentrations have increased over the years (Fig. 3). 

The factor mass profile of nitrogen species is also shown in Fig. 4. The 
high N:C ratio of NHOA is mostly due to the m/z 27 peak. This relates to 
the ion [CHN]+, which is a fragment of multiple possible nitrogen- 
containing species. Previously, NHOA has been shown to be composed 
of nitrile species (Cash et al., 2021) but this is not evident in the spec
trum in Fig. 4. This suggests some of the nitrogen containing species 

Fig. 4. Factor profiles for (a) polyaromatic hydrocarbons (PAH) and (c) nitrogen species. The pie chart (b) shows the percentage contribution of factors to the total 
PAH mass. 
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have not been extracted or have volatilized from the filter sample, 
highlighting a limitation of the offline-AMS technique. 

The COA factor has a particularly high m/z 55:57 ratio and has a 
strong correlation with the AMS-measured cooking tracer ion, [C5H8O]+

(Fig. 3). These two characteristics are indicators of cooking OA (Sun 
et al., 2016). Previous PM1 measurements in Delhi suggest COA is highly 
oxygenated compared with this type of OA in other cities, presumed to 
reflect different cuisines (Cash et al., 2021). This is supported by the 
measurements from the current offline study as the COA profile has large 
m/z 28 and 44 peaks. These peaks also make the COA profile look 
particularly similar to the PM1 COA profile. It also has a similar set of H: 
C, O:C and OM:OC ratios. These similarities imply the majority of the 
PM10 COA mass is within the PM1 fraction. 

The coal-combustion factor CCOA can be difficult to separate from 
other fossil fuel emission products such as HOA. However, the CCOA 
profile in this study has a ratio of CxHy peaks similar to that measured in 
previous AMS studies (Lin et al., 2019; Xu et al., 2016) (Fig. 5). Of the 

available auxiliary measurements, it is expected that CCOA should 
correlate with Cu and Cr as these are bonded to the organic fraction of 
coal and are present in coal ash (Li et al., 2020; Pacyna et al., 2007; 
Reizer and Juda-Rezler, 2016; Tang et al., 2022). The correlation matrix 
of PMF factors with external tracers (Fig. 5) shows a moderate correla
tion of CCOA with Cr and a low correlation with Cu. However, in an 
urban setting, Cu may be dominated by other sources, such as traffic. 
Species often bonded to the mineral part of coal include As, Cd, Pb and 
Zn (Reizer and Juda-Rezler, 2016). These have moderate correlations 
with Cr which strengthens the suggestion that the moderate correlation 
between CCOA and Cr is another indicator that CCOA represents 
coal-combustion. The correlation between Cr and CCOA could also 
suggest that CCOA is influenced by coal-combustion from the metallurgy 
industry as chromium has been linked to the metallurgy industry in 
Delhi, and in other cities (Gao et al., 2019; Khillare et al., 2004; Kothai 
et al., 2008). 

The three burning-related factors of SFOA1, SFOA2 and OBBOA 

Fig. 5. Pearson’s r correlation matrix between factors and external tracers ordered according to a hierarchical cluster analysis. *The PAH time series is internally 
measured by the AMS and is the sum of the species described in Fig. 4. 
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represent three different fuel-types as determined from their composi
tion and through external tracers. SFOA1 has the characteristic levo
glucosan m/z 60 and 73 peaks associated with wood burning (Fig. 3). It 
also has the second highest correlation, behind OBBOA, with NH4

+

(Pearson’s r = 0.516, Fig. 5), along with the highest nitrogen content out 
of all factors (N:C = 0.0743). From Fig. 4, the SFOA1 mass profile for 
nitrogen species shows large peaks at m/z 30 ([C4HN]+), m/z 42 
([C2H4N]+), m/z 44 ([C2H6N]+), m/z 56 ([C3H6N]+) and m/z 58 
([C3H8N]+). These peaks have been shown to derive from amine com
pounds in both AMS studies (Bottenus et al., 2018; Docherty et al., 2011) 
and other MS-based studies (Gohlke and McLafferty, 1962; McLafferty 
and Turecek, 1993). 

The high nitrogen content of SFOA1 suggests it originates from the 
burning of nitrogen-rich fuels. Numerous studies have compared the PM 
burning emissions from commonly used solid fuels in Delhi (Jayarathne 
et al., 2017; Keene et al., 2006; Pervez et al., 2019) and have found that 
fuels rich in nitrogen, such as dung-cakes, emit large concentrations of 
ammonium. SFOA1 is therefore likely related to residents burning solid 
fuels to keep warm during the colder months. This is supported by a 
general increase of SFOA1 during the post-monsoon and winter seasons, 
whilst during the summer and monsoon seasons it is close to zero 
(Fig. 3). 

The second solid-fuel factor, SFOA2, appears to be a mix of sources. 
Its mass profile has a particularly large peak at m/z 29 ([CHO]+) when 
compared to OBBOA and SFOA2, highlighting a significant difference in 
its oxygenated composition. Its large m/z 60 and 73 peaks suggest it is 

heavily influenced by wood or cellulose-based material burning, but it 
also has the highest composition of tracer peaks for municipal waste 
burning such as 1,2- or 1,4-dioxin (m/z 84, [C4H4O2]+), furan (m/z 68, 
[C4H4O]+), phenol (m/z 94, [C6H6O]+) and furfural (m/z 96, 
[C5H4O2]+) (Cash et al., 2021; Stewart et al., 2021). It also has the 
highest correlation of all factors with fire counts (Pearson’s r = 0.455). 
The fire counts are from satellite measurements using the NASA Mod
erate Resolution Imaging Spectroradiometer (MODIS) sensor (for 2011) 
and the Visible Infrared Imaging Radiometer Suite (VIIRS) sensor (for 
2015 and 2018) (available at: https://earthdata.nasa.gov/earth-obser 
vation-data/near-real-time/firms, last access: 18 Jan 2022). The fire 
counts were limited to a custom polygon encompassing the Haryana 
region. The vast majority of the fires counted within this region were 
during April–May and October–November. This identifies the fires as 
originating from the burning of crop-residue from the wheat and rice 
harvests. 

The third burning-related factor, OBBOA, has moderately large lev
oglucosan tracer peaks (m/z 60 and 73). It also has a low H:C ratio and a 
high O:C ratio (Fig. 3) which indicates it is highly oxidised and therefore 
more secondary in its composition. This suggests OBBOA is from a 
mixture of local sources, city-wide sources, and sources along the Indo- 
Gangetic plain, as predicted by back-trajectory studies using the same 
PM10 filters (Banoo et al., 2020). 

The highest contributions to OBBOA concentrations arrive via a 
westerly wind, which is the same for both SFOA1 and SFOA2 (Fig. 6). 
The OBBOA factor may therefore represent an aged and oxidised 

Fig. 6. Pollution roses for each factor showing wind vectors sized to represent the percentage contribution to the mean concentration. The wind vectors are divided 
into the concentration bins described in each legend. 
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mixture of SFOA1 and SFOA2. This is supported by the high N:C ratio 
(0.0493) which coincides with N-rich SFOA1. It also has a high corre
lation with benzodioxan (Pearson’s r = 0.730, Fig. 5) which is an AMS- 
measured fragment species of polychlorinated dibenzodioxins (PCDDs). 
PCDDs have previously been suggested to originate from municipal 
waste burning (Cash et al., 2021) and to be a significant source of 
chloride PM in Delhi. This is supported by OBBOA having the highest 
correlation of all the factors with chloride (Pearson’s r = 0.480). 

The two oxygenated OA factors, LO-OOA and MO-OOA, have similar 
profiles but they characteristically differ in their oxygenation as shown 
by their O:C ratio (Fig. 3). The large O:C ratio of MO-OOA is mostly 
driven by the large m/z 44 peak, [CO2]+, which is often thought of as a 
fragment of acidic functional groups (Duplissy et al., 2011). This means 
MO-OOA is highly water-soluble and, as expected, has a strong corre
lation with WSOC measurements (Pearson’s r = 0.725). Similarly, the 
higher H:C, and lower O:C, of LO-OOA means it is less water-soluble, and 
it is strongly correlated with water-insoluble organic carbon measure
ments (WIOC) (Pearson’s r = 0.722). This supports the findings of high 
recoveries of water-insoluble OA when using this offline-AMS method. 

4. Discussion 

4.1. Seasonal and annual comparisons of PM10 across 2011, 2015 and 
2018 

The seasonal average concentrations of the 9 PMF factors across the 
four seasons in each year are shown in Fig. 7. The highest concentrations 
of PM10 OA for the winter, pre-monsoon and monsoon seasons occurred 
in 2015. However, the post-monsoon concentrations were comparably 
high in 2015 and 2018. The post-monsoon of 2018 was meteorologically 
different to both 2011 and 2015. The temperatures in 2018 were slightly 
lower and the relative humidity was slightly higher (Fig. 2). The average 
planetary boundary layer height (PBL) was also lower during the 
mornings of the 2018 post-monsoon, as shown by Fig. 8. Therefore, the 
lower PBL may have accentuated the PM10 concentrations. 

Fig. 7 shows that traffic (=NHOA+HOA) is a consistently large 
contributor to PM10 OA in all three years. The consistency of traffic 
concentrations is mostly due to HOA because NHOA is less consistent 

across all seasons. NHOA is particularly low in concentration during the 
monsoon period, suggesting a greater susceptibility to atmospheric 
washout. However, peak concentrations occur during the post-monsoon 
which is mostly due to an increase in NHOA. 

The rapid increases in population and vehicles from 2011 to 2018 
might suggest that traffic concentrations should also increase across the 
years. That this is not reflected in the traffic PM10 OA annual averages is 
likely because of the implementation of the Bharat stage (Table 1) 
tailpipe emissions standards. There is also a decrease in traffic concen
trations from 2015 to 2018 during the pre-monsoon which is the season 
least affected by a low boundary layer (Fig. 8). 

COA has a large presence during most seasons which is expected as 
cooking is a daily activity. However, there is a drop in concentrations 
during the monsoon period, which is likely due to increased rainfall 
events causing food vendors and customers to stay inside, as well as to 
washout (Fig. 7). 

CCOA is consistently the largest individual OA factor across the three 
seasons of winter, summer and monsoon during 2011 (Fig. 7), showing 
that coal-combustion was a significant source of OA in 2011. CCOA 
concentrations then start to decline in 2015 which is expected as the use 
of coal has decreased in popularity commercially, in homes and, in 
particular, for thermal power stations. During 2018, CCOA concentra
tions decrease further and are almost at zero in October. This coincides 
with the eventual shutdown of the Badarpur thermal power station 
(~20 km southeast of the measurement site) in October 2018, following 
the shutdown of the Rajghat power station in October 2015. 

The three burning-related factors of SFOA1, SFOA2 and OBBOA can 
be combined to represent the source category of burning-related OA. 
From Fig. 7, burning-related OA was the largest contributing source 
during the winter. It was also the largest OA source during the post- 
monsoon of 2011 and 2015. This makes burning OA the most signifi
cant source when concentrations of PM10 are at their highest. This has 
been observed previously in the PM1 OA measurements in Delhi where 
burning-related PM source factors were the highest during the post- 
monsoon (Cash et al., 2021). However, it is important to note that 
burning-related emissions appear to be on the decline, as the highest 
mass of burning-related OA is in 2015 (Fig. 7). The concentrations then 
decrease in 2018 which suggests that peak emissions of burning-related 

Fig. 7. Average concentrations of PM10 OA factors (a) and percentage contributions of factors to total PM10 OA (b) during each of the four seasons of the years 2011, 
2015 and 2018. *The PM10 concentrations for factors during the post-monsoon of 2011 are from one filter sample only due to the unavailability of filters during 
this period. 
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PM may have been reached. 
Differences in the seasonal averages of individual burning-related 

OA factors are apparent (Fig. 7). As discussed, SFOA1 is shown to be 
linked to wood and dung-cake burning by residents keeping warm 
during the colder months. This is reflected in the increase in SFOA1 
average concentrations in the winter and post-monsoon seasons. For 
SFOA2, peak concentrations are observed in the post-monsoon season. 
This is most likely due to its links to crop-residue burning which, from 
fire-count observations, occurs most frequently during October, consis
tent with the burning of the kharif season rice residue (Montes et al., 
2022). 

The seasonal trends in LO-OOA and MO-OOA suggest different 
sources influence their formation. The concentrations of MO-OOA are 
generally larger than LO-OOA during the winter and post-monsoon 
(Fig. 7) but MO-OOA is smaller than LO-OOA during the pre-monsoon 
and monsoon. The burning-related OA sources (SFOA1, SFOA2 and 
OBBOA) show a similar pattern to MO-OOA, i.e. they are also lower in 
concentration during the pre-monsoon and monsoon periods. Therefore, 
MO-OOA most likely has a significant contribution from the oxidation of 
burning-related emissions. Conversely, LO-OOA increases in concen
tration during the pre-monsoon and monsoon periods. Fig. 8 shows that 
the maximum diurnal solar radiation is greatest in the pre-monsoon and 
monsoon seasons, as expected given these seasons span the summer 
solstice. This suggests LO-OOA partially derives from photooxidation of 
VOCs. 

The MO-OOA factor shows a gradual decrease in concentration each 
year (Fig. 7) which suggests that, in general, the impact of burning- 
related PM in Delhi has been diminishing. The opposite trend is 
apparent for LO-OOA, which shows a gradual increase in concentration 
each year. The increase is not likely to be due to meteorology because 
solar radiation (i.e. the meteorological control of LO-OOA) shows min
imal change between each year (Fig. 2). This suggests that sources of PM 
affect its formation as well. NHOA also shows a gradual increase each 
year (Fig. 7). During 2018, there is a particularly large peak in con
centrations during the post-monsoon, which is also reflected in the 
concentrations of LO-OOA. This is supported by a relatively strong 
correlation between NHOA and LO-OOA (Pearson’s r = 0.510, Fig. 5). 

LO-OOA may therefore be influenced by diesel emissions and the annual 
averages in Fig. 7 suggest LO-OOA could continue to increase in the 
future without more diesel-focused emission mitigation strategies. 

4.2. The recovery of primary organic aerosol factors using the developed 
offline-AMS method 

Overall, the results in Fig. 7 show the dominant contributors to OA 
are primary (POA) factors. As previously discussed, OA recoveries for 
individual PMF factors are not currently determined for the offline-AMS 
method used in this study; consequently, the results represent OA that is 
soluble in 1:1 acetone-water solvent. However, the POA factors that are 
particularly insoluble in water (e.g. HOA and COA) are dominant in the 
total OA mass measured. This shows that POA factors can be extracted 
with high recoveries with our offline-AMS method. 

Our previous online-AMS PM1 measurements in Delhi from 2018 
(Cash et al., 2021) confirm a number of important aspects of the 
offline-AMS method developed in this work. Firstly, the offline-AMS 
method has retained compositional details such as the high PAH con
tent in factors COA, HOA, NHOA and SFOA. The method also retains 
important tracer ions, even those that are particularly low in concen
tration such as the benzodioxan ion which relates to PCDDs. Secondly, 
despite the lower temporal resolution of the filters analysed by 
offline-AMS, there is a separation of traffic-related PM into two factors, 
one of which contains a greater N:C ratio (NHOA). Thirdly, the 
offline-AMS method has delivered similar factor seasonal averages, 
particularly for the pre-monsoon and monsoon seasons. All the above 
indicate that the offline-AMS method has successfully captured the 
majority of the OA in Delhi’s atmosphere. Future work aimed at deter
mining PMF factor recoveries when using 1:1 acetone-water solvent 
would be beneficial. The offline analysis presented here identified two 
factors that were not isolated in the online dataset: the first is CCOA, 
which is consistent with the decline of this component over the years to 
very small concentrations by 2018. The other is a difference in the split 
of SFOA into two factors in the offline analysis, distinguishing between 
biofuels (e.g. dung cakes) and other burning. This may reflect the fact 
that the solution of the offline analysis is defined also by changes from 

Fig. 8. Median diurnal cycles of planetary boundary layer height (PBL, first row of graphs) and surface solar radiation downwards (SSRD, second row of graphs) for 
each of the four seasons and for each of the years 2011 (cyan), 2015 (blue) and 2018 (red). The y-axis in graphs displaying PBL are logarithmic in order to show the 
daily minimum more clearly. Values shown are the average across the entire season. 
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year to year, whilst the solution of the online data is driven also by 
diurnal variability. 

However, some limitations to the developed offline-AMS method 
have been highlighted. One of these is the lack of nitrogen species in the 
NHOA mass profile. The quantification and detection of nitrogen species 
using HR-TOF-AMS is often considered uncertain, although some studies 
have shown it is possible (Bottenus et al., 2018; Docherty et al., 2011). 
This is because nitrogen-containing species are often situated on the 
tail-end of large neighbouring peaks in the mass spectrum. Therefore, 
there is already uncertainty involved with measuring N-containing 
species. However, it is also likely the offline-AMS method does not 
recover some N-containing species. 

There is also a lack of oxygen-containing PAHs in the offline-AMS 
profiles, which were previously shown to be key peaks in the mass 
spectra of some PMF factors (Cash et al., 2021). This suggests that some 
complex and highly insoluble species are not recovered by the 
offline-AMS method. 

4.3. The presence of open waste burning 

In 2015 and 2016, there were complete bans on open waste and crop- 
residue burning (Table 1), but to what extent these bans have been 
enforced effectively is uncertain when reviewing literature (Gulia et al., 
2018). The general decrease in burning-related OA from 2015 to 2018 
could suggest that the bans are having an effect. However, the compo
sition of both SFOA2 and OBBOA show a substantial amount of their 
mass originates from municipal waste burning. This suggests that open 
burning still occurs and it is clear that further mitigation strategies are 
needed to reduce municipal waste burning PM more effectively, as well 
as burning as part of industrial processes such as the processing of 
electronic waste. 

4.4. The decline in coal combustion 

In order to meet the electricity demands of the second largest pop
ulation in the world, India has a large number of coal-fired power sta
tions and a significant percentage of its electricity is generated from 
these stations (~60%) (Yang and Urpelainen, 2019). Two coal-fired 
power stations are situated within the national capital territory (NCT) 
of Delhi: the Rajghat thermal power station (~8 km east) and the 
Badarpur thermal power station (~20 km southeast)(Suneja et al., 
2020). 

As discussed above, the CCOA factor shows a decline in concentra
tions across the three years (Fig. 3). This coincides with the gradual 
decrease in popularity of coal as a fuel due to public knowledge of air 
quality issues and government decisions to shut down power stations. 
This can be seen more clearly in the annual wind directional data in 
Fig. 9. There is a larger spread of peaks in concentration during 2011 
when compared to 2015 and 2018, suggesting a greater number of 
sources of CCOA were active during 2011. The high peaks in concen
trations during 2011 originate from the direction of the two thermal 
power stations (east and southeast). There are also high concentrations 

in south and south westerly winds. This implicates the large industrial 
areas (~5 km, Mayapuri industrial areas named “phase 1” and “phase 
2”) in this direction which likely relied on coal combustion for power or 
industrial use. High concentrations also originate from the west and 
northwest which is mostly residential areas and small businesses (~3 
km, Kirti Nagar). In these areas coal is used as a fuel for cooking and 
heating which shows contributions of domestic coal combustion. Do
mestic coal combustion from cooking using tandoor stoves has previ
ously been shown to be a moderate contributor to PM2.5 (Gulia et al., 
2018). Modelling of PM2.5 emissions sources shows that a ban on 
coal-fired tandoors in hotels and restaurants could reduce PM2.5 con
centrations by up to 9% (Gulia et al., 2018). 

Moving from 2011 to 2015, the contributions of CCOA from the east 
began to lessen in 2015 and this could mark the gradual decline in use of 
the Rajghat thermal power station which was eventually shut down in 
October 2015. The contributions from the west are still the largest but 
this also decreases in intensity which suggests the domestic use of coal 
has declined. This coincides with the predicted increase in popularity of 
electricity, liquid petroleum gas or natural gas being used for heating 
and cooking in residential homes and small businesses (Negi and Kumar, 
2019). There are still large peaks in concentration from the southwest. 
This suggests that the industrial use of coal is still a high contributor to 
CCOA in 2015. Although only small contributions are seen from the 
southeast, it is likely that the Badarpur thermal power station still 
contributes a significant amount to areas of Delhi. 

A similar trend is apparent comparing 2015 with 2018, as there is a 
decrease in the contribution of CCOA from all wind sectors. There are 
still contributions of CCOA originating from the southeast; however, the 
shutdown of the Badarpur thermal power station in October 2018 likely 
means CCOA emissions from this wind sector will be minimal in future 
years. The west is the largest contributing wind sector for 2018 which 
suggests coal combustion still occurs in households and small 
businesses. 

Based on this wind sector analysis it is therefore likely that the two 
power stations had a large influence over CCOA concentrations, 
particularly during 2011. Combined with the general decrease in use of 
coal in industry, small businesses, and residential homes, this has caused 
a significant decrease in CCOA. Using the annual averages from 2018 to 
2011, there is an 87% decrease in CCOA which results in a predicted 
17% decrease in total PM10 OA. The decision to shut down the two 
thermal power stations has therefore been a successful air quality 
mitigation strategy that effectively reduced the concentrations of PM10 
from coal-combustion. It is likely that concentrations of CCOA are, 
however, higher in residential and industrial areas as coal-combustion is 
still ongoing in homes and businesses. Further reductions could there
fore be realised via the widespread use of electrical appliances for 
cooking and other non-emitting methods of generating electricity for 
industry. 

The Indian government have recently implemented periodic bans on 
coal and wood burning for cooking food in restaurants and eateries 
(Goyal et al., 2019; Jonidi Jafari et al., 2021). It would be helpful for 
future studies to investigate the change in PM10 due to these measures. 

Fig. 9. Pollution roses for coal-combustion organic aerosol (CCOA) in 2011, 2015 and 2018. The wind vectors are sized to represent the percentage contribution to 
the mean concentration and divided into the concentration bins described in the legend. 
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4.5. The increase in diesel-related PM concentrations and the efficacy of 
HGV restrictions 

Diesel emissions have previously been compared to CNG and petrol 
emissions, and are shown to be the largest contributor to PM concen
trations in Delhi (Goel and Guttikunda, 2015; Singh et al., 2020). The 
majority of the traffic PM tailpipe emissions originate from diesel-engine 
HGVs, despite them being lower in numbers compared to cars, 
two-wheelers and three-wheelers (Singh et al., 2018). There is also a 
moderate contribution from diesel-generator sets which are used by 
homes and businesses when there are electricity power cuts (Gulia et al., 
2018). These events tend to be more common in pre-monsoon and 
monsoon seasons when electricity supplies come under pressure from air 
conditioning and heavy rain events. 

As discussed, the composition of NHOA suggests it is related to 
diesel-engine emissions. The NHOA concentrations are particularly low 
during the monsoon which could be due to washout, however, NHOA 
concentrations are larger than HOA during the post-monsoon and 
winter. This could be explained by HGV restrictions (7:00 a.m. to 10:00 
p.m.) occurring when there is a low PBL height during the winter and 
post-monsoon (Fig. 8), thereby amplifying the concentrations. This 
phenomenon was observed in 2018 when PM1 concentrations in Delhi 
were strongly influenced by the low PBL height (Cash et al., 2021). The 
same study showed strong peaks in the diurnal concentrations of NHOA 
during the late evening and early morning (Cash et al., 2021). The PBL 
height was also lower during the 2018 post-monsoon compared to 2011 
and 2015 (Fig. 8). This likely further accentuated the concentrations 
and, as a result, NHOA concentrations are particularly high during this 
period (Fig. 7). 

Therefore, despite the restrictions already in place, there appears to 
be scope to reduce Delhi’s PM concentrations by further targeting diesel 
emissions. Current regulations permit HGVs, the highest emitting 
vehicle type, to enter the city at a time with unfavourable meteorology. 
Therefore, if the priority of the HGV restrictions is to reduce PM con
centrations (but possibly not exposure), it is likely beneficial to change 
the restrictions to allow HGVs to enter during the middle of the day, 
when the PBL is high. However, this does not consider traffic congestion. 
It would therefore be beneficial for future studies to focus on the change 
in PM concentrations when HGVs enter the city during the middle of the 
day, while incorporating the effects of PBL height and traffic flow and 
people movement. 

5. Conclusions 

This study used an offline-AMS method to analyse filter samples 
collected over the years of 2011, 2015 and 2018 at the CSIR-National 
Physical Laboratory in Delhi to assess temporal changes in source con
tributions to Delhi’s organic aerosol (OA) and thus to particulate matter 
(PM) in general. A high-throughput offline-AMS method was developed 
that could extract a high proportion of the primary organic aerosol 
(POA) fraction from PM filter archives. This was achieved using a sol
vent mix of 1:1 acetone to water for extraction. The method gave min
imal organic background concentrations (~1% of the measured signal), 
and high recoveries of total OA (95.4 ± 8.3%). 

Source apportionment analysis was performed on the organic frac
tion using Positive Matrix Factorisation (PMF). A total of nine factors 
were resolved which can be grouped into four primary source categories 
of OA: cooking, traffic, coal-combustion and other burning-related (solid 
fuel or open waste burning), as well as secondary OA contributions from 
regional burning and other sources. These results were compared with 
online-AMS measurements taken during the post-monsoon of 2018 at 
another location in Delhi. The majority of the compositional traits of 
PMF factors were resolved in the offline-AMS measurements, for 
example municipal waste burning tracers and polyaromatic hydrocar
bon (PAH) content. The seasonal averages of factors derived from the 
filter archive also show similar trends despite different measurement 

sites being used. Although the offline-AMS results show the evolution of 
PMF sources across multiple years in Delhi, it must be noted that filters 
from only three years were analysed. Future work is also required to 
estimate factor-specific OA recoveries to fully quantify PMF source 
factors. However, as overall OA recovery is high in this study, it is un
likely that the absence of factor recoveries will introduce major uncer
tainty in the measurement. 

Annual PM10 OA concentrations were the highest during the winter, 
pre-monsoon and monsoon of 2015, however, peak concentrations were 
measured during the post-monsoon of 2018. The seasonal analysis of 
total OA shows average concentrations decreasing in the order post- 
monsoon, winter, pre-monsoon, monsoon. 

Burning sources were the largest contributor to OA during the winter 
and post-monsoon when PM10 concentrations were at their highest. In 
2018, there was also a 47% decrease in burning related OA concentra
tions which may indicate that peak concentrations were reached in 
2015. This could, in part, be due to the 2015 ban on open waste burning 
and the 2016 ban on crop-residue burning, suggesting these mitigation 
strategies have had beneficial effect on PM10 concentrations. However, 
compositional analysis of burning-related factors implies a substantial 
contribution from municipal waste burning which provides evidence 
that open waste burning is still occurring. This suggests that additional 
mitigation strategies have the potential to reduce burning-related PM 
concentrations further, such as improved municipal waste collection and 
more control over small industrial processes. 

A gradual decline in annual OA measurements from coal-combustion 
sources is coincident with the shutdown of the Rajghat thermal power 
station in 2015 and the Badarpur thermal power station in 2018. This 
mitigation strategy, combined with initiatives to decrease the popularity 
of coal use in businesses, industry, and residential homes, have been 
effective in reducing OA from coal-combustion sources by 87%, corre
sponding to a 17% decrease in total PM10 OA. 

The rapid increase in Delhi’s population and registered vehicles co
incides with only moderate increases in traffic-related OA concentra
tions. This is most likely due to the introduction of tailpipe emission 
standards. This suggests the introduction of successively more stringent 
Bharat stage emissions standards has helped to largely counter-balance 
the increase in vehicle numbers in the control of PM10 concentrations. 

There was a strong increase in OA originating from diesel emissions 
during the winter and post-monsoon periods over the period 2011 to 
2018. This may be a side-effect of an air pollution mitigation strategy 
which restricts heavy goods vehicles (HGV) entering the city during the 
daytime (7:00 a.m.–10:00 p.m.). The restrictions cause a large influx of 
high PM emitting HGVs into the city at a time when the PBL is partic
ularly low, which causes PM10 concentrations to be accentuated. It is 
suggested that changing the HGV restriction times to allow access in the 
middle of the day might be beneficial to reduce PM10 concentrations. 
However, further studies are required to evaluate the resultant effect on 
congestion and human exposure. 
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