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a b s t r a c t
Delhi, the capital of India, suffers from heavy local emissions as well as regional transport of air pollutants,
resulting in severe aerosol loadings. To determine the sources of these pollutants, we have quantiﬁed the mass
concentrations of 26 elements in airborne particles, measured by an online X-ray ﬂuorescence spectrometer
with time resolution between 30 min and 1 h. Measurements of PM10 and PM2.5 (particulate matter b10 μm
and b 2.5 μm) were conducted during two consecutive winters (2018 and 2019) in Delhi. On average, 26 elements from Al to Pb made up ~25% and ~19% of the total PM10 mass (271 μg m−3 and 300 μg m−3) in 2018
and 2019, respectively. Nine different aerosol sources were identiﬁed during both winters using positive matrix
factorization (PMF), including dust, non-exhaust, an S-rich factor, two solid fuel combustion (SFC) factors and
four industrial/combustion factors related to plume events (Cr-Ni-Mn, Cu-Cd-Pb, Pb-Sn-Se and Cl-Br-Se). All factors were resolved in both size ranges (but varying relative concentrations), comprising the following contributions to the elemental PM10 mass (in % average for 2018 and 2019): Cl-Br-Se (41.5%, 36.9%), dust (27.6%, 28.7%),
non-exhaust (16.2%, 13.7%), S-rich (6.9%, 9.2%), SFC1 + SFC2 (4%, 7%), Pb-Sn-Se (2.3%, 1.66%), Cu-Cd-Pb (0.67%,
2.2%) and Cr-Ni-Mn (0.57%, 0.47%). Most of these sources had the highest relative contributions during late night
(22:00 local time (LT)) and early morning hours (between 03:00 to 08:00 LT), which is consistent with enhanced
emissions into a shallow boundary layer. Modelling of airmass source geography revealed that the Pb-Sn-Se, ClBr-Se and SFC2 factors prevailed for northwest winds (Pakistan, Punjab, Haryana and Delhi), while the Cu-Cd-Pb
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and S-rich factors originated from east (Nepal and Uttar Pradesh) and the Cr-Ni-Mn factor from northeast (Uttar
Pradesh). In contrast, SFC1, dust and non-exhaust were not associated with any speciﬁc wind direction.
© 2020 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).

1. Introduction
Asia is one of the most important regions of the world in context of
atmospheric aerosol loading, because of the presence of fast-growing
economies such as India and China. Industrialization, urbanization, economic growth and the associated increase in energy demands have resulted in a severe deterioration of urban air quality (Li et al., 2019).
The large number of pollution sources (concentrated in urban areas
with dense housing, trafﬁc and industry) may result in high pollution
levels; especially if pollution controls lag behind city growth. Exposure
to high pollution levels is linked to a broad spectrum of acute and
chronic health effects in adults as well as children (Hooper and
Kaufman, 2018). Therefore, identiﬁcation of aerosol sources is a priority
for assessing adequate air quality control strategies, aerosol health impacts and climate change effects. However, distinguishing between
the many possible aerosol sources as well as accounting for the effects
of atmospheric processing, degradation and removal processes is highly
challenging. Several approaches have been used for this task, e.g.
source-oriented and receptor-oriented air quality models (Amato
et al., 2011; Li et al., 2012; Pant and Harrison, 2012; Belis et al., 2019;
and references therein), stable and radioisotope composition of certain
species (Aggarwal et al., 2013; Kirillova et al., 2014; Wang et al., 2012;
Zhang et al., 2015) and chemical markers (Simoneit et al., 1999). Metals
and metalloids (without accounting for C, H, N, O) have speciﬁc advantages as markers, because they persist in the atmosphere throughout
the life of a particle. Most of the elements associated with ﬁne particles
are non-volatile in nature (with the notable exception of e.g. Cl), the elemental composition of particles remains unchanged even though they
tend to undergo long-range atmospheric transport (Morawska and
Zhang, 2002).
Certain transition metals (e.g. Fe, Cu, Mn, Zn, Ni, V, Cr, As, Pb) are
emitted from a variety of sources and can have severe toxic and carcinogenic effects on humans, when inhaled in higher concentrations. Since
particle size determines the rate and depth of penetration into the respiratory tract, size-resolved data is crucial for understanding and mitigating the health impacts of PM. Aerosol size distributions are governed by
the physical and chemical processes contributing to their emission and
atmospheric aging, and thus are source-dependent. For example,
reacted Cl (inferred to be NH4Cl) was found in PM1.0–0.3, whereas sea/
road salt related Cl resided in PM10–2.5 (Visser et al., 2015). Similarly, K
in PM1.0 mostly originates from wood burning, but is attributed to
dust in PM10–1.0 (Viana et al., 2008).
To facilitate PM mitigation strategies, pollution sources need to be
identiﬁed and apportioned. Among various receptor models, positive
matrix factorization (PMF) has been developed speciﬁcally for aerosol
source apportionment (SA). The PMF algorithm does not require a priori
knowledge of source composition, but interpretation of the results is facilitated by information on source emission characteristics. In contrast,
the chemical mass balance (CMB) receptor model, which has been
used in most of the Indian SA studies so far (Gupta et al., 2007;
Pipalatkar et al., 2014; Srimuruganandam and Nagendra, 2012;
Thammadi et al., 2018) requires a priori knowledge of the source composition. Source proﬁles, resolved in PMF, may be characteristic of aged
emissions, whereas those used in CMB are typically obtained from direct
emission measurements, which do not consider atmospheric processing. The lack of accurate local source proﬁles, omission of key sources
or lack of suitable markers and the need for assumptions regarding
aging of the source emissions present signiﬁcant challenges in the quantitative application of CMB in a complex environment. Hybrid models,
implemented using the Multilinear Engine solver (ME-2) (Paatero,

1999), can combine the strengths of PMF and CMB, thus allowing for a
more complete and efﬁcient exploration of the solution space and facilitating source separation (Rai et al., 2020; Sturtz et al., 2014). In addition
to source characterization, there is relatively less information available
on the detailed source regions or the local/regional source contributions. Improvement can be achieved by combining source attribution
and trajectory analysis.
Differences in atmospheric elemental compositions can often be observed on hourly timescales. Highly time-resolved measurements facilitate identiﬁcation of point sources, which can be of speciﬁc importance
in highly polluted regions with many local sources. Moreover, diurnal
variations of the components, separated by PMF, are very useful for
source identiﬁcation. For instance, trafﬁc emissions are expected to
peak during the rush hours, while emission from domestic biomass/
wood burning increase in the evening (Viana et al., 2013). While measurements of organic aerosol (OA) and major inorganic ion concentrations in ﬁne PM are achievable on timescales of minutes using online
mass spectrometry (DeCarlo et al., 2006; Fröhlich et al., 2013), elements
have traditionally been measured ofﬂine. Typical sampling techniques
include ﬁlter collection (Owoade et al., 2015; Tian et al., 2016) or less
commonly semi-continuous samplers like streakers or rotating drum
impactors (Lucarelli et al., 2018; Richard et al., 2010). However, in
such semi-continuous samplers, where higher time resolution is achievable, the requirement of synchrotron light sources or other large facilities imposes practical trade-offs between time resolution, size
resolution and/or temporal coverage.
Here we present semi-continuous measurements of elemental composition for PM2.5 and PM10 aerosols in Delhi, India, at a time resolution
of 30 min to 1 h during two consecutive winters in 2018 and 2019, to
identify the prevailing sources.
2. Methods
2.1. Sampling site
National Capital Territory (NCT) Delhi is surrounded by two
neighbouring states (Fig. 1), which are Uttar Pradesh to the east and Haryana in the remaining three directions. The capital of India, Delhi suffers from heavy emissions from various sources, resulting in severe
PM levels (Dumka et al., 2019; Khillare and Sarkar, 2012). This city is extremely congested and overpopulated; the population of Delhi in 2011
was around 17 million and population density was 11,320 persons per
km2 (Economic Survey of Delhi 2018–19: Planning Department, Government of NCT of Delhi, 2019). The presence of many anthropogenic emission sources, including power plants (2 coal based, where one of them
(Badarpur thermal power station) was closed on 15 October 2018 to reduce air pollution in Delhi, and 4 natural gas based), ~29 medium- and
small-scale industries and 5 factory complexes (metal processing, paint,
dyeing, electroplating, alloy, leather, paper, chemicals, etc.) in different
industrial areas of Delhi and National Capital Region (NCR), signiﬁcantly
affect the air quality. Several brick kilns are also reported to operate in
areas around Delhi-NCR (Guttikunda and Calori, 2013). In addition, vehicle numbers in Delhi have rapidly increased, from 3.3 million vehicles
in 2000 to 11 million in 2018 (Economic Survey of Delhi 2018–19: Planning Department, Government of NCT of Delhi, 2019). Finally, stagnant
meteorological conditions during winter trap emissions, thus producing
extremely high PM2.5 concentrations (Guttikunda and Gurjar, 2012). As
a result, wintertime (December–February) has been recognized as the
season with the highest concentrations of anthropogenic aerosols in
Delhi (Bisht et al., 2015; Tiwari et al., 2013).
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Fig. 1. The location of the study area: map of the NCT-Delhi along with nearby states (Haryana, Uttar Pradesh, Rajasthan) with various industrial areas and major industries. The site is
marked as red solid point and the location of small- and medium-scale manufacturing units in the various industrial areas of Delhi is also shown (inset map on top right corner).

To investigate the composition of ambient air in Delhi at high time
resolution, we installed a suite of semi-continuous online and online
aerosol instruments at the Indian Institute of Technology Delhi (IITD)
campus (28.54° N, 77.19° E) in South Delhi. The measurements were
performed from 20 January until 11 March in 2018 (elemental PM10,
here denoted PM10el) and from 15 January until 9 February in 2019
(PM10el and PM2.5el). The ambient temperature showed large variations
during the 2018 campaign, with an overall increasing trend after 21
February (Wang et al., 2020). Thus, the 2018 campaign can be divided
into two separate periods, comprising relatively cold (20 January–21
February) and warm (22 February–11 March) temperatures. The
mean temperature (± standard deviation) measured during the cold
and warm periods was 16.1 (± 5.2) °C and 23.2 (± 4.8) °C respectively,
whereas it was 14.9 (± 4.3) °C in 2019. For direct comparison of ME-2
results, we also selected common (20 January–9 February) periods for
both years.
The instruments were kept in a temperature-controlled laboratory
on the top ﬂoor of a four-story building (~12 m high). Situated in a
mixed educational, residential and commercial area, the sampling site
is representative of the Delhi urban area. The nearest source of local
emissions was an arterial road located 150 m away from the building.
Heavy duty vehicles (HDVs) are not allowed from 07:30 to 11:00 LT
and from 17:00 to 21:30 LT within Delhi, including the arterial road
near the sampling site, whereas buses, light duty vehicles (LDVs) and
two- and three-wheelers are not restricted (Delhi Police, 2015). It is important to note that Bharat Stage (BS) VI emission standards (equivalent
to Euro 6) are applicable to the vehicles within Delhi, whereas vehicles
from outside Delhi often comply with BS-IV (equivalent to Euro 4).
2.2. Instruments
Elemental composition was measured using an Xact 625i® Ambient
Metals Monitor (Cooper Environmental Services, Tigard, Oregon, USA).
The Xact is a sampling and analysing, non-destructive, energydispersive X-ray ﬂuorescence spectrometer designed for online, semicontinuous measurements of elements in aerosols. We have modiﬁed
the inlet system of the Xact to alternate between PM10 and PM2.5 sampling (Furger et al., 2020) for the 2019 measurements. Because of

alternating sampling, there was a gap of 30 min between each subsequent sample of the same size range. In the Xact, aerosols are sampled
onto a Teﬂon ﬁlter tape at a ﬂow rate of 16.7 lpm. After each sampling
interval, the tape is moved forward to the analysis area, where the sample is illuminated with X-rays. The resultant excited X-ray ﬂuorescence
photons are collected with a silicon drift detector (SDD). During XRF
analysis of the current sample, the next sample is collected at a clean
spot on the ﬁlter tape. This cycle is repeated during each sampling interval, which was conﬁgured as 1 h in 2018 and 30 min in 2019. The obtained spectra are then analysed and calibrated online. Xact is
calibrated using thin ﬁlm standards for the individual elements and
the response reproducibility during calibration throughout the campaign was within ±5%. Automated energy alignment checks are performed every day at midnight for 15 min, using a dynamic rod for Nb
and Cr, which is inserted into the analysis area followed by a 15 min upscale check (for Cd, Cr, Nb and Pb). The same dynamic rod is also
inserted into the analysis area to monitor any instability in the instrument. Thus, the sampling interval following midnight was limited to
30 min only. During our ﬁeld campaigns, the hourly Nb value, which
monitors the hourly XRF response, was stable within ±3%. Xact has
been successfully evaluated in a number of ﬁeld studies and a good
agreement was found between the Xact and 24-h ﬁlter based measurements (Furger et al., 2017; Park et al., 2014; Tremper et al., 2018).
The instrument detected 35 elements (Al, Si, P, S, Cl, K, Ca, Ti, V, Cr,
Mn, Fe, Co, Ni, Cu, Zn, Ga, Ge, As, Se, Br, Rb, Sr, Y, Zr, Nb, Cd, In, Sn, Sb,
Ba, Hg, Tl, Pb and Bi) during the campaigns. Of these, Nb was used
only for quality assurance (QA) purposes. Furthermore, some of the elements' data points were below their minimum detection limits (MDL)
of the instrument (Table S1). Elements with N80% of PM10 and PM2.5
data falling below the MDL were removed from further analysis (see
Section 2.3).
Highly time-resolved measurements of non-refractory (NR) PM
were performed using high-resolution time-of-ﬂight aerosol mass spectrometers (PM2.5 L-ToF-AMS in 2018 and PM1 HR-ToF-AMS in 2019,
Aerodyne Inc., USA). The different size cuts for these instruments are
due to different inlet and aerodynamic lens systems. Volatile organic
compounds (VOCs) were measured by a proton-transfer-reaction
time-of-ﬂight mass spectrometer (PTR-ToF-MS, Ionicon Analytical G.
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m.b.H, Innsbruck, Austria) in 2018 (Wang et al., 2020) and 2019. The
AMS and PTR-MS data are the focus of other studies and their data are
used here for comparison with the elements' factor time series only.
NOx was measured by chemiluminesence using a Serinus 40 Oxides
of Nitrogen analyser (Ecotech). Hourly data on temperature, wind
speed, wind direction, visibility and relative humidity (RH) were obtained from the Indira Gandhi International Airport (IGIA; 8 km west
from our sampling site). PM10 and PM2.5 mass concentrations were
measured at the Rama Krishna Puram air quality monitoring station located nearby the site (~2.5 km), maintained by the Delhi Pollution Control Committee (DPCC). The mean of total PM10 mass during the
campaigns was ~271 μg m−3 in 2018 (20 January–11 March) and
~300 μg m−3 in 2019 (15 January–9 February), whereas the mean of
total PM2.5 mass was ~180 μg m−3 during the 2019 campaign.

SA of the PM10el and PM2.5el was performed using PMF (Paatero and
Tapper, 1994). PMF is a widely used algorithm for SA, which explains
the variability in the elemental data (xij) as a linear combination of static
factor proﬁles (fkj) and their time dependent contributions (gik):
p
X

g ik f kj þ eij ;

ð1Þ

k¼1

where p is the number of factors. The indices i, j and k denote the time of
measurement, element identity and factor, respectively. The elements
of the model residual matrix are termed eij.
The PMF model iteratively solves Eq. (1) by minimizing the objective
function (Q), which is deﬁned as:
Q¼

X X eij 2
i

j

sij

;

ð2Þ

PMF was solved by ME-2 (Paatero, 1999 and references therein) with
model conﬁguration and post-analysis performed by the SoFi (Source
Finder) Pro interface (version 6.8, PSI, Switzerland) (Canonaco et al.,
2013), which is coded in the Igor Pro software environment
(Wavemetrics, Inc., Portland, OR, USA). In conventional PMF analyses, rotational ambiguity coupled with limited rotational controls can impede
clean factor resolution. In contrast, ME-2 provides efﬁcient exploration
of the entire solution space, by allowing the results to be directed towards environmentally meaningful solutions, implemented here by the
a-value approach (Canonaco et al., 2013; Daellenbach et al., 2017;
Vlachou et al., 2018). In this method, one or more factor proﬁles are
constrained by the scalar a, which deﬁnes the allowed deviation of the retrieved factors (fkj′) from manually prescribed inputs (fkj), according to:
0

f kj ¼ f kj  a  f kj ;

5
 MDL j ; if xij b MDL j
6
sij ¼ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
>

2 
>
2
>
>
:
p x
þ MDL ; otherwise
8
>
>
>
>
<

j

2.3. Source apportionment technique

xij ¼

and 511 time points of 30 min in each size range (PM10 and PM2.5) during 2019. The resulting 30-min factor time series of 2019 data were averaged to 1 h only for the hourly diurnal cycles. Before averaging the 30min data points to 1 h, linear interpolation was applied between two
subsequent data points for each PM size separately. We determined
the PMF error matrix according to Eq. (4). For data values below MDL,
xij remained unaltered while the corresponding sij was calculated
using a ﬁxed fraction of the MDL (Polissar et al., 1998) using Eq. (4).
In contrast, if the concentration was greater than the MDL provided,
the uncertainty was calculated using Eq. (4) (Reff et al., 2007):

ð3Þ

where a can be set between 0 and 1. An a-value of 0 means no deviation
is allowed, whereas 1 means 100% deviation allowed. Since factors are
normalized after PMF such that the sum of each factor proﬁle is 1, the
ﬁnal values of fkj′ may contain elements that exceed the boundaries deﬁned by Eq. (3).
In our study, the PMF input consists of a data matrix (X) and an error
matrix (S) of hourly element measurements. PMF inputs were prepared
by excluding some speciﬁc elements for better source apportionment
results, as outlined in the following. A common approach for the choice
of species, to include in the PMF input, depends on the percentage of
data below detection limit (Polissar et al., 1998). With this criterion,
24 elements (Al, Si, S, Cl, K, Ca, Ti, V, Cr, Mn, Fe, Ni, Cu, Zn, As, Se, Br,
Rb, Sr, Zr, Sn, Sb, Ba and Pb) were accepted for PMF analysis. In addition,
Cd and In were also included in the PMF input due to an excellent correlation between Cd\\Cu and In\\K during high-intensity plumes. The
PMF input consists of 586 time points of 1 h each in PM10 during 2018

ij

ð4Þ

j

In this study, an element speciﬁc analytical uncertainty (pj) of 10%
was used to derive the error matrix data set. The analytical uncertainty
includes precision of high/medium-concentration metal standards
from laboratory experiments (Phillips-Smith et al., 2017), deviation in
the Nb value for each sample and deviation in the ﬂow rate during the
campaign. All the entries in xij with a signal-to-noise ratio (SNR) below
2 were down-weighted by replacing the corresponding sij with a penalty
function 2/SNRij (Visser et al., 2015). This approach, as opposed to downweighting an entire variable (i.e. increasing the uncertainty associated
with an entire column rather than a single point (Paatero and Hopke,
2003)), allows variables with low average SNR but episodically high
SNR to remain in xij, as these peaks might contain valuable information.
The availability of size segregated data allowed for several methods
of constructing the input data set for ME-2 (i.e. single size × single year;
single size × both years; both sizes × single year; both sizes × both
years). Although all input data sets (mentioned above) were investigated separately, we found similar factor proﬁles and corresponding
time series throughout the input data sets. Therefore, we focus our
ME-2 analysis on the both sizes × both years (PM10el in 2018 and
PM10el + PM2.5el in 2019) dataset. The ﬁnal input matrix contained 26
variables and 1608 time points.
The exploration of the PMF solutions is thoroughly described in
Section S1 in the Supplement. In brief, we considered solutions with 4
to 12 factors and selected the 9-factor solution as the best representation of the data. Factors were identiﬁed as: dust, non-exhaust, solid
fuel combustion types 1 and 2 (SFC1 and SFC2), S-rich and four industrial/combustion aerosols related to plume events (Cr-Ni-Mn, Cl-Br-Se,
Cu-Cd-Pb and Pb-Sn-Se). This 9-factor solution was resolved by
constraining the factor proﬁles of SFC1, S-rich, Cu-Cd-Pb and Pb-Sn-Se,
all with an a-value of 0.3. These factors were extracted beforehand
from the data set by a separate unconstrained PMF (see the Supplement
Section S1).
2.4. Uncertainty estimate of ME-2 results
A well-established statistical tool for estimating the uncertainty and
stability of the ME-2 solution is the bootstrap technique (Brown et al.,
2015; Davison and Hinkley, 1997). It consists of randomly resampling
rows of the input data matrix (allowing repetitions), creating a set of
new input data and error matrices with the same dimensions as the
original inputs. This resampling perturbs the input data by randomly
choosing rows (time points) of the original matrix, which are now present several times, while other rows are not considered (Paatero et al.,
2014). We performed 1000 bootstrap runs by re-sampling rows (time
of measurement) for a 9-factor solution with all factors unconstrained
except for SFC1, S-rich, Cu-Cd-Pb and Pb-Sn-Se. Within the resampling
operation, a-values for the constrained factors were randomly and independently initialized between 0 and 0.5 with an increment of 0.1. This
kind of methodology has been adopted in previous studies
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(Daellenbach et al., 2016; Stefenelli et al., 2019; Rai et al., 2020). The uncertainty estimate of ME-2 results is thoroughly described in Section S2
in the Supplement.
Overall, 991 bootstrap runs out of 1000 were classiﬁed as good or
unmixed solutions (see Supplement Section S2). The average a-value
of the constrained SFC1, S-rich, Cu-Cd-Pb and Pb-Sn-Se proﬁles were
0.248, 0.249, 0.252 and 0.247 respectively. The uncertainties (one σ
standard deviation) of the model are shown later in Fig. 4.

cluster trajectories and occurrence of each cluster over time are represented in Fig. 3a and Fig. S1b, respectively.
We weighted the calculated BTs with the ME-2 resolved factor time
series, using the CWT model (see below) to localize air parcels responsible for high measured concentrations at the receptor site (Ashbaugh
et al., 1967). The factor time series were averaged to 3 h, to match the calculated BT time resolution. In this method, the average concentrationweighted trajectories are calculated as follows (Hsu et al., 2003):

2.5. Backward-trajectory (BT) clustering and concentration-weighted trajectories (CWT)

CWTij ¼

BTs show the origins of air parcels and their transport paths, and
thus can provide information on the geographic location(s) of potential
pollutant sources. BT analysis was done by the PC-based version of the
HYSPLIT (Hybrid Single-Particle Lagrangian Integrated Trajectory,
v4.1) (Draxler et al., 2018; Stein et al., 2015) model using weekly
GDAS (Global Data Assimilation System) ﬁles (ftp://arlftp.arlhq.noaa.
gov/pub/archives/gdas1) with a 1° × 1° resolution. The BTs were calculated for 72 h with 3 h time resolution at three different arrival altitudes
(i.e. 100, 200, and 500 m) above ground level (a.g.l.). No signiﬁcant differences were observed in BTs at different altitudes. The ending altitude
of 100 m was selected so that the BTs ended within the mixing layer.
Cluster analysis was subsequently applied to the obtained BTs to identify periods with similar geographical source regions. The optimal number of clusters was assessed from the total spatial variance (TSV) (Elbow
approach) (Draxler, 1999; Syakur et al., 2018) and 3 clusters were identiﬁed. Rapid growth in TSV occurred when the number of clusters fell
below 3 (Fig. S1a), therefore 3 clusters were retained as the ﬁnal simulated cluster trajectories. In order to match the time resolution of BTs, all
concentrations were averaged on a 3-h basis. The mean centres of

where CWTij is the average weighted concentration in the ijth cell (i
stands for the latitude and j for the longitude), in μg m−3; k is the index
of the trajectory; N is the total number of trajectories; Ck is the measured
factor concentration on arrival of trajectory k, in μg m−3 and τijk is the
residence time of trajectory k spent within the ijth cell. For BTs cluster
and CWT analysis, an Igor-based user interface was used (ZeFir) (Petit
et al., 2017). Endpoints at altitudes above 2000 m a.g.l. were discarded.
A weighting function was added to the CWT calculation to down-weight
cells associated with a low count of trajectory endpoints. The setup of
the different weights is empirical, and our setup followed the recommendation of Petit et al. (2017).

N
1X
C τ
τij k¼1 k ijk

ð5Þ

3. Results and discussion
3.1. Mass concentrations and chemical composition of PM10el and PM2.5el
Temporal variations in PM10el and PM2.5el are shown in Fig. 2 and
mean values as well as average relative contributions of different elements are summarized in Tables S1 and S2, respectively, which are

Fig. 2. Stacked time series and relative contributions (left side pie charts) of elements in PM10el during 2018 (top panel) and PM10el, PM2.5el during 2019 (lower panel). Relative
contributions (top pie charts) of elements in PM10el during the 2018 cold (20 January–21 February) and warm (22 February–11 March) periods. The x-axis shows the overlapping
period during 2018 and 2019. Dates are dd.mm.
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also reported in Fig. 2. Table S3 shows the median values and percentiles
of all elements measured during both campaigns. Fig. 2 shows that Cl
and Si are the predominant PM components; Cl is mainly present in
PM2.5el while Si has high concentrations in the coarse fraction
(PM10el–PM2.5el). The mean concentration of Cl and Si in PM10el are
higher in 2018 (22.4 μg m−3 and 17.4 μg m−3) than 2019
(20.2 μg m−3 and 12.1 μg m−3). Cl and Si accounted for 33% and 25%, respectively in PM10el in 2018, and 36% and 21%, respectively in 2019. The
relative contributions of crustal elements (Si, Ca, Ti, Fe) (see Table S2)
are higher during the warm period in 2018 than the cold periods during
2018 and 2019, while this trend is reversed for Cl. The absolute concentration of Cl decreases by 42% during the warm period while there is a
slight increase (2%–12%) in those of the crustal elements. Some transition metals like V and Mn in PM10el exhibit higher concentrations in
2018 (8.3 ng m−3, 98.8 ng m−3) as compared to 2019 (5.9 ng m−3,
79.3 ng m−3) while it is opposite for Cu (87.3 ng m−3 and
128 ng m−3 in 2018 and 2019 respectively). Moreover, almost similar
concentrations are observed for all these metals (V, Mn, Cu) during
the 2018 cold and warm periods. Among the carcinogenic elements
(Pb, Cr, As, Ni), Pb shows the highest mean concentrations, ranging
from 421 to 498 ng m−3, followed by Cr (9–42 ng m−3), As
(12–14 ng m−3) and Ni (2–10 ng m−3) in both years and in both size
fractions. However, the mean concentrations of these elements (Pb,
Cr, As, Ni) were below the USEPA recommended inhalation reference
concentrations (RfC) for resident air (except for Pb), i.e. 200 ng m−3,
100 ng m−3, 15 ng m−3 and 20 ng m−3, respectively (USEPA, 2019). Individual data points of these elements (Pb, Cr, As, Ni) exceeded the RfC
values by 55.3%, 4%, 20% and 4%, respectively in 2018 and 52.8%, 0.2%,
34% and 0.4%, respectively in 2019, which indicates a potential risk to
human health.
The concentration of Cl is anticorrelated with temperature,
consistent with the hypothesis that the Cl-rich particles likely consist
of semi-volatile species such as ammonium chloride, which

evaporate with the increased temperature and decreased RH during
the warmer period. Such extremely high concentrations and strong
temperature-dependence have been seen for submicron Cl in other
recent studies in Delhi (Bhandari et al., 2020; Gani et al., 2019). Similarly, dust resuspension is expected to increase in warmer periods
due to increased temperature and wind speed coupled with decreased RH (see Fig. S2). The size-segregated data of 2019 reveals
the contributions of the elements in the two size fractions. For example, the Cl contribution in PM10el and PM2.5el is 36% and 59%, respectively while for Si it is 21% and 4%, respectively. S contributes 21% in
PM2.5el and 13% in PM10el. K presents important contributions (5–6%)
in both size fractions.
The size distribution is further explored with the enrichment factor
(EF) and mean ratio of PM2.5el/PM10el (Table S4). The enrichment factor
is a measure of enrichment of elements relative to the upper continental
crust (UCC) and is deﬁned as ppm metal in the sample divided by ppm
metal in UCC, using Ti as reference material (Fomba et al., 2013;
Majewski and Rogula-Kozlowska, 2016). The K EF ranges from 2 to 3
in PM10el for both years while it is 13.7 in PM2.5el in 2019, with a
PM2.5el/PM10el ratio of 0.7. This indicates that K is more abundant than
suggested by its crustal concentration in the ﬁne fraction, probably
from combustion (wood, coal, etc.) sources.
3.2. Geographical PM10el origins
Fig. 3a shows the clustering of air mass trajectories into three footprint regions, as described in Section 2.5. Trajectories corresponding to
clusters 1 and 2 are identiﬁed in both years, while cluster 3 is only
found in 2018. The frequencies of the 3 clusters are 73.3%, 24.2% and
~2% respectively. Clusters 1 and 3 show air mass arrivals from the northwest at the sampling location. However, cluster 3 is driven by one speciﬁc episode from 31 January 2018 09:00 LT until 1 February 2018 15:00
LT, with a trajectory from Iran through Pakistan, Punjab and Haryana to

Fig. 3. (a) Heat map (density of trajectories composing each cluster where the centroid of the clusters is represented as solid line) of 72-h back-trajectories of clusters reaching the
observation site (green marker) in both years including frequencies (%) of each cluster; (b) contributions of PM10el in different footprint clusters in 2018 (orange pie charts) and 2019
(blue pie charts); and (c) percentage differences in the relative contributions of elements in each cluster to the total mean elemental relative contribution during 2018 (bottom left)
and 2019 (bottom right).
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the sampling site, while cluster 1 is associated with air masses travelling
from the north of Pakistan to Punjab and Haryana. In contrast, cluster 2
is associated with a more local origin to the east (from Uttar Pradesh),
and within Delhi.
Fig. 3b shows the elemental contributions corresponding to each
cluster (pie charts). Cl is predominant with the highest concentrations
for air masses from the northwest (clusters 1 and 3) which is in line
with a recent study (Gani et al., 2019) during winter. It is important to
note that none of clusters passes over an ocean during the 72 h prior
to arriving at the site. Cl in Delhi has been linked to emissions from various industries (brick kilns, steel making, metal processing, coal power
plant, etc.) (Jaiprakash et al., 2017). Therefore, we speculate that the
likely sources of the measured Cl concentrations are various types of industrial emissions from Haryana, Punjab and Delhi (northwest of the
sampling site) and Uttar Pradesh (east of the sampling site). S was
most abundant in air masses from the east (cluster 2) in both years.
These emissions might stem from coal power plants situated in the
east and southeast of the sampling site.
In PM10el, differences in cluster composition were further explored
by calculating the percentage difference (here termed as enhancement
or depletion) between the mean contribution of an element in a cluster
and the total mean contribution of that respective element (Fig. 3c).
Cluster 1 in 2018 does not show enhancement/depletion in any elements except for slight enhancements in Ni, Cr and Sb (up to 11%). In
contrast, most of the elements are depleted (up to 20%) in cluster 1 in
2019, while Cl, Br and Al are slightly enhanced (up to 12%). Cluster 2
shows enhanced concentrations in 2018 for S, K, Ti, V, Mn, Zn, As and
Rb, with the highest enhancement in S (42%). In 2019, all elements (except Cl, Br and Al) are enhanced with the maximum enhancement for
Cu (40%). Cluster 3 in 2018 shows strong enhancement for Sn (117%),
followed by Pb (102%) and Se (47%), while the remaining elements
are depleted, especially Cr, Ni, Cu, Zn and Sb. The high deviation for
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some elements is driven by the concentration peaks in particular cluster. The year to year differences are visible for industrial/combustionrelated elements (Cu, Pb, Sn, Se, Cr, Ni, Zn, S, As), which occur in several
plume events during the measurements.
3.3. ME-2 results
As noted above, we selected a 9-factor ME-2 solution as the best representation of the data. This solution is presented in Fig. 4 (factor proﬁles), Fig. 5 (factor time series) and Fig. 6 (factor diurnals). These
factors are interpreted as dust, non-exhaust, SFC1, SFC2, S-rich and
four industrial/combustion aerosols related to plume events (Cr-NiMn, Cl-Br-Se, Cu-Cd-Pb and Pb-Sn-Se). The high-time-resolution
PM10el SA results by ME-2 were combined with the footprint modelling
(CWT and BTs clustering) to investigate the variation in source types
and contributions in different source regions. Below we discuss each
factor separately.
3.3.1. Dust
The dust factor accounts for N60% of Si, Ca, Ti, V and Sr, and N40% of
Al, Fe and Rb. The mass of this factor (fractional composition) is dominated by Si, Ca, Fe, Al and K. These elements have been used as markers
for crustal dust/soil (Sharma et al., 2016; Sun et al., 2019), consistent
with the upper continental crust composition (Rudnick and Gao,
2003). This factor is predominantly found in PM10el (Fig. 5) rather
than PM2.5el, indicating coarse mode particles. The absence of S in this
factor proﬁle and weak correlation between S and Ca suggests an insigniﬁcant contribution from construction activity, e.g. gypsum (CaSO4).
However, other kinds of construction-related dust (such as silt and
gravel) are possible due to the presence of Si and Ca in the factor proﬁle
(Bernardoni et al., 2011). Therefore, this factor might not only be related
to mineral soil but also to anthropogenic activities such as road dust

Fig. 4. Source proﬁles of the 9-factor PMF results. Data are given as the mean of 991 good solutions ±1 SD from the bootstrap analysis. The left axis represents the fractional composition of
the factor proﬁle (indicated as coloured bars) for each factor; the right axis represents the relative contribution of the factor to each variable (indicated as black markers).
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Fig. 5. Factor time series of combined ME-2 results in 2018 (left) and 2019 (right). The size-resolved factor time series (2019) are shown as PM10el (red) and PM2.5el (blue). Dates are dd.
mm.

resuspension, construction, demolition works and releases from buildings and other surfaces through weathering and other erosive processes. Scarce precipitation during the campaign limited the
cleansing of paved surfaces and as a result, resuspension was
favoured. This is further corroborated by the diurnal variations

showing daytime maxima (Fig. 6a), which hints to resuspension of
dust by the vehicle ﬂeet and construction works throughout the
day. The coupling of the dust factor time series with the CWT
model (Fig. 7a) shows a potential source region close to the sampling
site. This is distinct from the overall BT trajectory density (Fig. 7j)

Fig. 6. Diurnal patterns, with means (coloured lines) and 25th and 75th percentiles (coloured range) of the 9 factors (a-i), along with the mean values of external data (black lines, right
axis), i.e., NOx for the brake wear factor and the C2H4O+
2 ion for the SFC1 factor).
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Fig. 7. CWT plots for the (a) Dust; (b) Brake wear; (c) SFC1; (d) SFC2; (e) S-rich; (f) Cr-Ni-Mn; (g) Cu-Cd-Pb; (h) Pb-Sn-Se; (i) Cl-Br-Se factors; resolved from ME-2; (j) Trajectory density,
deﬁned as log(N + 1), where N is the total number of back trajectories passing through each ijth cell). The sampling location is indicated as light green cross.

which shows that air arrives mostly from the northwest, suggesting
that the CWT result is robust.
3.3.2. Non-exhaust
This factor accounts for a dominant fraction of Ba (95%) and Zr (75%),
and contributes 20–40% of Al, Si, Ca, Ti, Mn, Fe, Rb and Sr. The relative
contribution to Cu is ~16%. Moreover, the mass of this factor is explained
by Si (40%), Ca (22%), Fe (15%) and Al (14%). Substances such as barite
(BaSO4), calcite (CaCO3) and mica (a silicate mineral group) are incorporated in brake lining to reduce manufacturing costs and improve
manufacturability, and are used as ﬁllers and abrasives to increase friction. Ti, Al, Sr, Mn and Rb have also been found in concentrations lower
than 0.1 wt% in brake composition (Whiley, 2011). Ba comprises about
0.8% of the factor mass, similar to the reported value of 1.1% measured in
London road samples (Gietl et al., 2010). Similarly, Fe accounts for ~17%
of the mass, which falls in the range of 1–60% Fe in brake lining
(Kennedy and Gadd, 2003). Elements such as Cu, Ba, Sb and Sn have
been associated with brake wear in European studies (Bukowiecki
et al., 2009; Pant and Harrison, 2013; Visser et al., 2015), but in Delhi
these elements were not found to be correlated with each other. This
may be due to the fact that in our study non-exhaust contributes only
16% to the total Cu, suggesting that unlike at European locations, Cu is
dominated by anthropogenic sources other than non-exhaust or brake
wear. The ratios of Si/Al (3), Fe/Al (1.1) and Ca/Al (1.6) found in this factor proﬁle are in agreement with those obtained by Pant et al. (2015a) in
road dust samples collected in Delhi (3.1–3.4, 0.6–1 and 1–1.6, respectively). The non-exhaust factor also contributes strongly to PM10el similar to the dust factor. The diurnal pattern of this factor (Fig. 6b)
corresponds to trafﬁc rush hours (07:00–09:00 LT and 18:00–22:00
LT) and is correlated with NOx, probably due to major trafﬁc congestion

during rush hours. Additional peaks are also observed during the night
hours (between 22:00 and 03:00 LT), which might be due to enhanced
heavy duty vehicular activity. The diurnal cycle of the non-exhaust factor follows the same pattern (Fig. S3) as that of hydrocarbon-like OA
(HOA) from OA PMF (V. Lalchandani personal communication), as
well as two trafﬁc factors (trafﬁc1 and trafﬁc2, attributed to LDVs and
HDVs, respectively) identiﬁed from PMF analysis of VOCs (Wang et al.,
2020) in 2018. Furthermore, the time series of non-exhaust is strongly
correlated with HOA (R = 0.8) and moderately correlated with the
VOC factors corresponding to LDVs (R = 0.67) and HDVs (R = 0.6).
The enhanced concentration of non-exhaust during evening rush
hours is probably due to evening trafﬁc congestion of LDVs followed immediately by night HDV activity. Additionally, it has been reported that
the non-exhaust (more speciﬁcally brake wear) emission factors are
higher for HDVs than for LDVs (Bukowiecki et al., 2010). The CWT plot
of non-exhaust shows the highest potential source region in the northwest close to the sampling location (Fig. 7b).
3.3.3. SFC1
The SFC1 factor contributes N30% to the total of K, Sb and In, while
the mass is dominated by K (51%) and S (25%). The relative contributions of this factor to Mn, As, Rb and Sn are also non-negligible
(15–20%). Fine mode K and Rb are used in many SA studies as an indicator of waste incineration or coal/wood burning (Cheng et al., 2015;
Tian et al., 2016; Waked et al., 2014). In addition to that K is reported
to correlate (R = 0.7) with the oxidative potential of PM2.5 with a probable contribution from biomass burning in Delhi during late winter
2019 (Puthussery et al., 2020). The strong correlation of this factor
with the C2H4O+
2 ion at m/z (mass to charge ratio) 60 of the AMS
(R = 0.6–0.84), a fragment of levoglucosan, suggests primary emission
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from biomass combustion (Fig. S8) (Alfarra et al., 2007). The S/K ratio of
0.5 in this factor proﬁle is within the observed range of 0.5 (fresh emissions) to 8 (for transported/aged emissions) in solid fuel combustionrelated aerosols (Viana et al., 2013) and suggests that SFC1 represents
a primary aerosol. The enhancement of Sb, In, Sn, Mn and As in this factor is likely due to anthropogenic contaminants (polythene/plastic materials, foam, paper, packing materials, etc.) that are burned together
with coal and/or wood. The time series of SFC1 shows concentrations
up to 10 μg m−3, with mass present mainly in the ﬁne fraction. The
mean concentration decreases after 25 February 2018 (from
1.6 μg m−3 to 1 μg m−3), which is consistent with the expected decline
in burning emissions during the warm period. The short-term peak on 2
March is probably due to bonﬁre emissions during the Holi festival. The
diurnal cycles of SFC1 and the C2H4O+
2 ion (Fig. 6c) indicate the dilution
of the particles during daytime due to vertical mixing. This results in a
decrease in the SFC1 concentration between 12:00 and 17:00 LT,
while peaks related to residential heating/cooking activities/roadside
trash burning appear in the morning (between 08:00 and 10:00 LT)
and at night (with the rise starting at 18:00 LT). As already mentioned,
there is a strong peak at around 22:00 LT in the SFC1 signal, which is
probably related to the late-night solid fuel burning emissions in a
shallower boundary layer height (BLH). The coupling of SFC1 with the
CWT model (Fig. 7c) shows that this factor is dominated by local
sources.

and Manuel, 1986). Similar to S, Se originates primarily from coal combustion and has a removal rate similar to that of sulfate; therefore, Se
can be used to trace SO2 oxidation in clouds and fog (Husain et al.,
2004). The presence of Se in the S-rich factor is consistent with the ﬁndings of previous studies (Hao et al., 2020; Weber et al., 2019). Cd and In
are tracers for coal ﬂy ash from coal power plants (Chakraborty and
Gupta, 2010; Gollakota et al., 2019; White and Hemond, 2019). The Srich factor shows a strong correlation with AMS sulfate (Fig. S8) and is
interpreted to be related to secondary aerosol from coal combustion
(Sharma et al., 2014). The S-rich factor is predominantly found in the
ﬁne fraction. In addition, this factor shows enhanced concentrations
during cold periods, probably due to stagnant ambient air with little
vertical dilution. The diurnal pattern of this factor is ﬂat (Fig. 6e), in contrast to the primary emissions discussed above (Dust, Non-exhaust,
SFC1 and SFC2), suggesting a more regional source character. Taken together, this evidence suggests that the S-rich factor represents primary,
secondary and aged aerosols. The CWT plot for the S-rich factor (Fig. 7e)
likewise suggests advection from nearby cities. The highest concentrations for the S-rich factor are found for east and southeast directions.
The local power plants Badarpur in the southeast (~17 km away from
the sampling location) within Delhi, Aligarh in the southeast
(~160 km) in Uttar Pradesh, and Dadari in the east (~68 km) in Uttar
Pradesh of the receptor site are probable contributors of coal-related
primary particles and precursors for secondary aerosol.

3.3.4. SFC2
SFC2 is composed mainly of Zn, S, Cl and K (26%, 26%, 24%, and 23% of
the factor mass, respectively), while the relative contributions are
highest for Zn (69%), As (86%), and In (38%). Co-elevated Zn and In
are associated with electronic waste burning (Julander et al., 2014),
whereas the combination of Zn, As, S, Cl and K is associated with coal
combustion (Balakrishna et al., 2011; Chang et al., 2018). Moreover,
Zn and As are also linked to iron/steel industries and waste incineration
(Duan and Tan, 2013). Based on the variety of possible sources, we simply classify this factor as solid fuel combustion. Like SFC1, the SFC2 factor
also occurs predominantly in ﬁne fraction. However, there is a low correlation (R = 0.3) between the SFC1 and SFC2 factor time series. Other
than for SFC1, the diurnal cycle for SFC2 (Fig. 6d) shows an increase in
concentration from late night until the morning with the maximum at
08:00 LT, while during daytime the behaviour of SFC2 is similar to
SFC1. For SFC2, the CWT (Fig. 7d) shows high concentration areas in
the northwest region Punjab-Haryana, northeast region Uttar Pradesh
and Delhi. This could be related to the industrial waste burning in the
northwest region within Delhi and Haryana. Similar to our study, two
SFC factors were also found for OA (V. Lalchandani personal communication) and VOCs (Wang et al., 2020) in 2018, although the nature of the
seperation is different for each dataset. For the VOCs, SFC1 and SFC2
were attributed to primary (coal, wood and trash) and aged emissions
respectively. For OA, SFC1 was characterized by burning of coal, decayed
plant matter, and roadside trash, whereas SFC2 was characterized by
paper and plastic burning. The correlation (R = 0.5–0.65) was higher
among SFC1 from all three instruments (e.g. SFC1_Element vs.
SFC1_VOC vs. SFC1_OA) as compared to the correlation with SFC2
from all three instruments (Fig. S4). Interestingly, the correlation is increased (R = 0.6–0.9) for the sum of the two SFC factors. We conclude
that two SFC factors are required to represent the data variability from
all three instruments; likely due to variation in emission sources as
well as atmospheric reactions.

3.3.6. Anthropogenic industrial/combustion plume events (Cr-Ni-Mn, CuCd-Pb, Pb-Sn-Se and Cl-Br-Se)
Four anthropogenic factors (Cr-Ni-Mn, Cu-Cd-Pb, Pb-Sn-Se and ClBr-Se), most likely from industry and/or combustion emissions, were
resolved. All of them yielded episodic plume events in the factor time
series with the exception of the Cl-Br-Se factor, which showed regular
and strong peaks at ~06:00 LT every day.
As a complement to the PMF analysis, k-means clustering analysis
was applied to the measured time series (see details in Supplement
Section S3). This analysis yielded 4 clusters corresponding to spikes in
the concentrations of one or more elements. The time series of these
plume-driven factors were comparable to those of the anthropogenic
industrial/combustion plume factors retrieved from PMF. The agreement between these two independent analyses supports both the robustness of the retrieved PMF factor proﬁles and time series, as well as
the interpretation of these signatures as being characteristic of speciﬁc
plumes. The characteristic features of these 4 factors are discussed
below.
The Cr-Ni-Mn factor proﬁle contains high relative contributions for
Cr (98%), Ni (64%) and Mn (20%). However, Fe (25%), Al (19%) and S
(16%) dominate the mass. The former elements (Cr, Ni and Mn) have
been associated with various emission sources in previous studies,
such as trafﬁc-related, industrial activities, waste incineration, solid
waste dumping and oil combustion (Khillare and Sarkar, 2012;
Matawle et al., 2015; Pant and Harrison, 2012). Ni may come from the
burning of lubricating oil and heavy fuel oil used in industries and
ships. Mn is used as an additive in vehicular fuel, while Cr and Ni may
be derived from vehicle fuel combustion processes (Karar et al., 2006;
Ntziachristos et al., 2007; Song and Gao, 2011). The low mass fraction
(~1%) of Ni is in agreement with 0.5–1% of Ni in a gasoline exhaust factor
proﬁle obtained by Srimuruganandam and Nagendra (2012) at a busy
roadside in Chennai, India. Cr and Ni show spiky time series in our
study. As a result, a spiky factor time series is resolved by PMF in both
sizes (PM10 and PM2.5), which is a typical indication for inﬂuences of
one or more point sources close to the sampling site. Moreover, the
strong correlation between Cr and Ni (R = 0.97) and their weak correlation with the remaining elements during these spikes suggests different emission sources than for the other elements. However, the
correlations of Cr and Ni with the non-exhaust -related elements (Ba,
Zr, Al, Si, Ca, Ti, Mn, Fe, Rb and Sr) as well as with the non-exhaust factor
time series are rather high (R = 0.55–0.75) during non-spiky periods.

3.3.5. S-rich
The S-rich factor is nearly exclusively composed of S (92% of the factor mass), but also comprises high relative contributions to Se (38%), Cd
(21%) and In (21%). Particulate S can either be directly emitted from coal
combustion (Hinneburg et al., 2009) or formed through the oxidation of
SO2. The mean Se/S ratio in this factor proﬁle (3.2 × 10−4) is slightly
lower than the Se/S ratio (4–6 × 10−4) in coal ﬂy ash aerosols (Chiou
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These systematic compositional differences between spike-plume and
non-spike-plume periods suggest that the spike-plumes originate
from non-trafﬁc-related sources. The similarity of the diurnal pattern
of the Cr-Ni-Mn factor (Fig. 6f) with the non-exhaust factor is in agreement with the trafﬁc inﬂuence. In 2018, more high intensity plumes
were observed as compared to 2019 (Fig. 5). Trajectory analysis
(Fig. 7f) suggests Uttar Pradesh and Uttarakhand (east-northeast) as a
likely source region for these emissions.
The Cu-Cd-Pb factor proﬁle shows high relative contributions of Cu
(78%), Cd (53%) and Pb (19%), plus non-negligible contributions of Sn
(19%), Sb (18%) and Br (15%). However, Cl (33%) and S (30%) dominate
the mass. The elements in this factor proﬁle are associated with various
types of industrial activities. For example, Cu and Cd have been found
from Cu\\Cd alloy manufacture (Vincent and Passant, 2006), whereas
Cu and Pb from industrial metal and lead-acid battery production/
recycling (Jaiprakash et al., 2018). The elements in this factor proﬁle
are also associated with electrical/electronic equipment waste burning
with high loading of Cu (Frazzoli et al., 2010; Owoade et al., 2015;
Wong et al., 2007). This may be likely due to the fact that Cu is one of
the extensively used materials in electric and electronic equipment because of its excellent conductivity. Other elements in this factor indicate
a mixture of waste materials such as printed circuit boards (Cu, Cd, Pb,
Sn, Sb), cables (Cu), plastic chips (Cd), solder (Pb, Sn), LCD monitors
(Pb, Sn), etc. This factor is predominantly in the ﬁne fraction and the
time series shows several episodic plumes throughout the measurements (especially in 2019) (Fig. 5); with the concentrations ranging
from 3.5 μg m−3 to 47 μg m−3. Most of these high-intensity plumes appear at ~07:00 LT (Fig. 6g). Overall, this factor is likely to be inﬂuenced
by various types of industrial and/or electronic waste burning events.
The Cu-Cd-Pb factor shows high concentrations originating from the
area bordering India and Nepal (Fig. 7g) as well as close to Delhi. In
India, there are numerous sites known for the informal recycling or recovery of valuable materials from electronic waste. The main centre,
where most of the informal recycling is performed via open burning of
electronic waste, is Moradabad (east-northeast ~200 km from the sampling site).
The Pb-Sn-Se factor proﬁle shows high relative contributions of
Pb (78%), Sn (54%) and Se (19%), whereas the mass is dominated
by S (37%), Pb (33%) and Cl (20%). Pb and Sn have been used as
tracers for open waste/plastic burning (Kumar et al., 2015; Kumar
et al., 2018), as well as from lead smelting (Jaiprakash et al., 2017;
Patil et al., 2013). Pb is strongly enhanced in lead smelting emissions
(Patil et al., 2013). Recovery of lead from used car batteries is a common practise in Delhi-NCR small-scale industrial areas, which are
mainly in the northwest and southeast of the sampling site. Note
that while Pb and Sn may be emitted from brake wear (Bukowiecki
et al., 2009) and waste incineration, the absence of trafﬁc rush hour
peaks in the diurnal cycle for these two elements makes a strong vehicular source unlikely. In addition, Pb from exhaust emission is very
unlikely due to the ban of leaded fuel in India since 2000. Similar to
the Cu-Cd-Pb factor, this factor also predominates in the ﬁne fraction
with several episodic plumes. Although the frequency of plumes is
comparable in both years, the plume concentrations are strongly enhanced in 2018 (Fig. 5). The diurnal pattern of this factor shows enhanced concentration from 03:00 until 08:00 LT (Fig. 6h) probably
due to the shallow BLH in the early morning. Higher Pb concentrations are observed during night time as compared to day time. This
observation is in agreement with a previous study (Chandra et al.,
2014), where the highest Pb concentrations were found during
night time throughout the year. However, they reported 12-h Pb
air samples measurements which prevented identiﬁcation of the
plume-dominated temporal characteristics of Pb. The potential
source region of this factor indicates the dominance in the northwest, mainly from the northeast part of Pakistan, Punjab and Haryana (Fig. 7h). A very similar potential source region for Pb has been
reported by Chandra et al. (2014).
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The Cl-Br-Se factor proﬁle shows high relative contributions for Cl
(95%), Br (62%), Se (32%) and Al (20%), while the mass is mainly composed of Cl (89%) and predominantly found in the ﬁne fraction. While
Cl, Br, Se, and Al originate from a variety of sources, Al is not correlated
with dust-related elements in the ﬁne fraction but instead with Cl (R =
0.84) and Br (R = 0.78). This suggests co-emission of these elements,
likely from metallurgical/chemical industries, coal combustion and
trash burning. Br has been reported from wood combustion, waste incineration and trafﬁc emissions from fuel additives (Khodeir et al.,
2012). The Cl-Br-Se factor shows enhanced concentrations from midnight until 08:00 LT (Fig. 6i), however, as this diurnal pattern is mostly
driven by the ambient temperature and the shallow BLH, due to the
semi-volatile nature of its main components, no source information
can be retrieved from it.
In winter, brick kilns are reported to operate in areas surrounding
Delhi, and can contribute to high Cl concentrations. Around 1000 brick
kilns are located mostly along the border of Delhi in all directions,
with a production capacity of 25,000 bricks per day. Bricks are typically
baked in traditional kilns that burn coal and biomass, which could emit
Se, Cl and Br, whereas Al is contained in the clay for the brick material.
Direct Cl emissions are also possible in the form of HCl from industries
like steel making, where HCl is used during the pickling process of hot
and cold rolling of steel sheets. Br and Se in the ﬁne fraction are possible
from various drug and chemical manufacturing industries, as reported
in a previous study in Mumbai, India (Kothai et al., 2011). However,
most of the drug manufacturing industries are mainly in Gujarat and
Mumbai.
Cl is also found to be emitted from garbage burning worldwide
(Dall'Osto et al., 2013; Jayarathne et al., 2018; Li et al., 2012). Li et al.
(2012) reported up to 3 ppb HCl in Mexico City, suggesting garbage
burning as a major source (up to 60%) of particulate chloride. Delhi is
an ammonia rich environment (Van Damme et al., 2018; Warner
et al., 2017) and most of the chlorine is present in the form of ammonium chloride (Pant et al., 2015b) during winter. Along with the emission sources, low temperature, high RH and a shallow BLH during
winter support the enhancement in Cl concentrations (Pant et al.,
2015b).
Overall, this factor is likely inﬂuenced by several industrial emissions
such as brick kilns, steel making, chemical manufacturing and garbage/
coal burning. The CWT plots (Fig. 7i) for the Cl-Br-Se factor show high
concentrations in the northwest, with air masses travelling over
Pakistan, Punjab and Haryana contributing to this factor. Bhandari
et al. (2020) also reported an ammonium chloride factor resolved
from PMF on an aerosol chemical speciation monitor (ACSM), with
87% of the factor contribution from the northwest direction at the
same sampling location.
3.4. Synthesis of ME-2 results
The elemental SA results indicate the ability to characterize the
environment-dependent variability of emissions in and around Delhi.
The averaged relative contributions of the factors and the stacked factor
time series in both years are shown in Fig. 8 and Fig. S5, respectively. The
elemental mass was calculated as the sum of all elemental species in
each factor. The mass of the total PM10el is dominated by the Cl-Br-Se
factor, followed by the dust, non-exhaust and S-rich factors in both
years (Fig. 8). The mass of total PM2.5el is strongly driven by Cl-Br-Se
followed by the S-rich and the two SFC factors, while the dust and
non-exhaust factors show lower contributions (~9 times and ~4.7
times lower, respectively) than to total PM10el. Similarly, Cu-Cd-Pb
and Pb-Sn-Se showed higher relative contributions in PM2.5el, while
the Cr-Ni-Mn factor was attributed in both sizes.
ME-2 results coupled with BT clustering analysis are shown in Fig. 8.
Relatively high contributions of the Cl-Br-Se factor were observed (27%–
43%) from all footprint regions, with the highest from the northwest
(cluster 1: 2018: 37% and 2019: 43%). In contrast, the contributions of
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Fig. 8. Average relative source contributions of PM10el for the entire 2018 period and for 3 separate clusters during 2018 (top pie charts); average relative source contributions of PM10el and
PM2.5el for the entire 2019 period and for 2 clusters during 2019 (lower pie charts).

the dust and S-rich factors were most signiﬁcant from the east (cluster
2: 2018: 38%, 10% and 2019: 33%, 12% respectively). Moreover, it is interesting to note that the contribution of the Pb-Sn-Se factor was higher
(7%) from the northwest (cluster 3). The Cu-Cd-Pb factor contribution
was highest (3%) from the east during 2019, while in 2018 it was relatively similar (1%) from both regions (cluster 1 and cluster 2) with negligible contribution (0.3%) in cluster 3. The Cr-Ni-Mn factor showed
similar contributions (1%) from the northwest and the east (cluster 1

and cluster 2) in 2018, whereas it was dominant from the east (cluster
2) in 2019.
Cl-Br-Se, dust, non-exhaust, S-rich, Pb-Sn-Se and Cr-Ni-Mn showed
signiﬁcantly higher concentrations in 2018, while SFC1 and SFC2 were
similar in both years (Fig. 9a). Interestingly, the Cu-Cd-Pb factor was
the only factor to show signiﬁcant enhancement in 2019. In terms of relative contribution (Fig. 9b), dust (28.7%), SFC1 (3.6%), SFC2 (3.4%), Srich (9.2%) and Cu-Cd-Pb (2.2%) were higher in 2019 compared to

Fig. 9. Comparison of the 9 factors: (a) mean concentrations and (b) relative contributions in PM10el during the warm period (22 February–11 March) 2018, the cold period (20 January–21
February) 2018 and the common periods (20 January–9 February) in both years.
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2018 (27.6%, 2%, 2%, 6.9%, 0.7% respectively). Furthermore, the dust factor showed a higher contribution (41%), while the Cl-Br-Se and Pb-SnSe factors showed lower contributions during the warm period compared to the cold period. This shows the signiﬁcant inﬂuence of temperature on the source concentration enhancement/depletion.
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4. Conclusions
Appendix A. Supplementary data
Source apportionment was performed on size-resolved, online PMel
measurements by an Xact 625i in Delhi during two consecutive winters
(2018 and 2019). Elements measured by the Xact represent ~25% in
2018 and ~ 19% in 2019 of total PM10, with the dominant elements
consisting of Cl, S and crustal material (i.e., Si, Ca, Ti, Fe). This provides
insight into key PM sources in Delhi such as dust, inorganic constituents
e.g. chloride, and public health risks due to the extremely high concentrations of carcinogenic (Cr, Ni, As, Pb) and other elements (Cl, Zn, Cu,
Mn, V, etc.).
The ME-2 analysis of the combined data yielded 9 source proﬁles,
allowing for a direct comparison of the source strengths over two consecutive winters. The size-segregated SA results highlight that dust
and non-exhaust sources strongly contributed to PM10el, while the remaining factors (except Cr-Ni-Mn) were mostly associated with
PM2.5el. Furthermore, the elemental composition and SA results in the
cold and warm periods revealed that the concentrations for the Cl-BrSe and Pb-Sn-Se factors decreased with increasing temperature and
wind speed and decreasing RH. In contrast, there was a strong enhancement in the dust factor during the warm period, consistent with resuspension with dry ambient conditions.
A clear advantage of a high time resolution elemental dataset is the
possibility to enable diurnal patterns as well as plume characterization
of emission sources. This is particularly important for aerosol sources
observed primarily from diffuse local emissions (e.g. trafﬁc) as well as
discrete plumes (typically lasting at most a few hours) as a function of
time of day rather than regional contributions. To assess the geographical origins of the resolved sources, ME-2 results were combined with a
BT cluster footprint model and a CWT model, to analyse the speciﬁc
sources from different regions around Delhi. The Cl-Br-Se source was
predominantly from the northwest and likely inﬂuenced by regional
(from Punjab and Haryana) as well as local sources (within Delhi).
Dust, non-exhaust and SFC1 were classiﬁed as being of local origin.
The S-rich and Cr-Ni-Mn factors likely originated in Uttar Pradesh
(northeast to southeast), the Cu-Cd-Pb factor from Nepal and Uttar
Pradesh (east), while Pb-Sn-Se and SFC2 originated in Haryana, Punjab
and Pakistan (northwest). Overall, the ME-2 receptor modelling applied
to the hourly resolution and size-segregated elemental concentrations
obtained by the Xact has proven useful in identifying different regional
and local aerosol sources as well as different types of industrial/combustion plume events.
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