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Abstract
This study investigated the concentrations, seasonal variations, sources, and human health risks associated with expo-
sure to heavy elements (As, Al, Pb, Cr, Mn, Cu, Zn, and Ni) of PM2.5 at an urban location of Delhi (28° 38′ N, 77° 10′ E; 
218 m amsl), India, from January 2013 to December 2021. The average mass concentration of PM2.5 throughout the study 
period was estimated as 127 ± 77 µg m−3, which is exceeding the National Ambient Air Quality Standards (NAAQS) limit 
(annual: 40 µg m−3; 24 h: 60 µg m−3). The seasonal mass concentrations of PM2.5 exhibited at the order of post-monsoon 
(192 ± 110 µgm−3) > winter (158 ± 70 µgm−3) > summer (92 ± 44 µgm−3) and > monsoon (67 ± 32 µgm−3). The heavy ele-
ments, Al (1.19 µg m−3), Zn (0.49 µg m−3), Pb (0.43 µg m−3), Cr (0.21 µg m−3), Cu (0.21 µg m−3), Mn (0.07 µg m−3), and 
Ni (0.14 µg m−3) exhibited varying concentrations in PM2.5, with the highest levels observed in the post-monsoon season, 
followed by winter, summer, and monsoon seasons. Six primary sources throughout the study period, contributing to PM2.5 
were identified by positive matrix factorization (PMF), such as dust (paved/crustal/soil dust: 29.9%), vehicular emissions 
(17.2%), biomass burning (15.4%), combustion (14%), industrial emissions (14.2%), and Br-rich sources (9.2%). Health 
risk assessments, including hazard quotient (HQ), hazard index (HI), and carcinogenic risk (CR), were computed based 
on heavy elements concentrations in PM2.5. Elevated HQ values for Cr and Mn linked with adverse health impacts in both 
adults and children. High carcinogenic risk values were observed for Cr in both adults and children during the winter and 
post-monsoon seasons, as well as in adults during the summer and monsoon seasons. The combined HI value exceeding 
one suggests appreciable non-carcinogenic risks associated with the examined elements. The findings of this study provide 
valuable insights into the behaviour and risk mitigation of heavy elements in PM2.5, contributing to the understanding of air 
quality and public health in the urban environment of Delhi.

 Particulate matter (PM) emerges as a crucial atmospheric 
pollutant, exerting significant impact over the air quality in 
India and globally (Singh 2019). Its harmful potential and 
alarming concentrations make it a leading concern for envi-
ronmental well-being (WHO 2016). The urban region of 
Delhi, India, stands at the crossroads with rapidly increasing 
industrialization, population expansion, and urbanization, 
resulting in significant challenges related to air quality (Jer-
ret 2015; Leliveld et al. 2015; Jain et al. 2020a; Zhu et al. 

2020). Among the various pollutants of concern, PM with 
a diameter of 2.5 µm or smaller (PM2.5) has emerged as a 
critical focus due to its harmful impact on both air quality 
and public health (Dockery et al. 1993; Pope and Dockery 
2009; Joshi et al. 2022; Colonna et al. 2022; Zhang et al. 
2022). The adverse effects of prolonged exposure to elevated 
PM2.5 levels are associated with respiratory and cardiovas-
cular ailments, posing a substantial risk to the well-being of 
the city's inhabitants (Joshi et al. 2022; Colonna et al. 2022; 
Jin et al. 2022). In recent years, the scientific community and 
public authorities worldwide have increasingly expressed 
significant concern about the effects of PM on both climate 
and human health (IPCC 2013).

This study begins on a comprehensive investigation 
aimed at unravelling the complexities of PM2.5 pollutions 
in Delhi. The focus extends beyond merely quantifying 
overall PM2.5 concentrations, studying the detailed analysis 
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of elemental compositions present in these fine particles 
(Chen et al. 2020; Verma et al. 2023). The introduction 
of these elements into the atmosphere has the potential to 
pose a significant threat to terrestrial and aquatic ecosys-
tems through dry/wet deposition, subsequently endangering 
human health as a result of physico-chemical transfer and 
bioaccumulation within food chains (Storelli 2008; Harmens 
et al. 2010). Certain toxic trace elements such as As, Pb, 
and Cr are commonly recognized as human carcinogens, 
even when present in minute quantities (Micheline et al. 
2019). Moreover, the disproportionate build-up of certain 
biologically essential elements like Cu, Fe, Zn, etc. has the 
potential to trigger inflammatory cascades in tissues (Saf-
fari et al. 2014). Additionally, this accumulation can trigger 
biochemical synthesis pathways by catalysing the production 
of reactive oxygen species (ROS) (Saffari et al. 2014; Lopez 
Cruz et al. 2016). It is important to highlight that, although a 
moderate enrichment of these elements can be advantageous 
for human health and plant growth, excessive levels may 
result in adverse effects. (Oldani et al. 2017). Several studies 
identified various elements present in PM2.5 originated from 
number of sources, including vehicular emissions, indus-
trial activities, and natural sources, each contributing to the 
complex composition of urban air pollution (Chakraborty 
and Gupta 2010; Behera et al. 2011; Sharma et al. 2016a, 
2016b; Sharma and Mandal. 2017; Jain et al. 2018, 2019, 
2020a, 2020b; Murari et al. 2020).

In addition to elucidating the elemental composition, 
this research employs advanced source apportionment 
techniques, i.e. positive matrix factorization (PMF) model 
to discern the origins of PM2.5 pollutants. Identifying and 
understanding the primary contributors to air pollution 
are pivotal steps towards formulating targeted and effec-
tive strategies for pollution reduction (Rai et al. 2020a, b; 
Sharma and Mandal 2023). Through this approach, we aim 
to provide policymakers, environmental agencies, and the 
public with insights into the specific sources that warrant 
immediate attention and intervention. Crucially, the study 
goes beyond the realm of concentration and source identifi-
cation to conduct a rigorous human health risk assessment 
associated with the elemental components of PM2.5. This 
multifaceted analysis considers potential short-term and 
long-term health impacts, offering a comprehensive under-
standing of the risks posed by specific elements within the 
PM2.5. The metallic constituents found in PM, particularly 
the fine fraction containing elements like Fe, Ni, Cu, As, Pb, 
Mn, and Cr are evidently major contributors to the develop-
ment of both pulmonary and cardiovascular diseases (Kelly 
and Fussell 2012; Joshi et al. 2022).

As Delhi deal with both rapid urban development and 
deteriorating air quality, the results of this research aim to 
provide insights for evidence-based policies and interven-
tions. By unravelling the complexities of PM2.5 pollutions in 

the city, we aspire to contribute valuable knowledge that can 
guide mitigation strategies, enhance air quality management, 
and ultimately safeguard the health and resilience of Delhi's 
diverse population.

Methodology

PM2.5 Sampling and Analysis

756 PM2.5 samples (2 samples/week) were collected at the 
monitoring site of CSIR-National Physical Laboratory, New 
Delhi (28° 38′ N, 77° 10′ E; 218 m amsl), India (Fig. 1), 
from January 2013 to December 2021 except Covid-19 lock-
down period (lockdown periods: 25 March, 2020–31 May, 
2020; 5 April, 2021–15 June 2021). PM2.5 samples were 
collected on pre-combusted (550 °C) Pallflex quartz fibre 
filters using a PM2.5 sampler (APM 550; Envirotech, India). 
The sampler was positioned at a height of 10 m above the 
ground (AGL), and it maintained an average flow rate of 
1 m3 h−1 with an accuracy of ± 2%. Following the guide-
lines set by the Central Pollution Control Board (CPCB), 
24-h sampling was conducted during the entire study period 
(2013–2021) (Jain et al. 2020a, b). Preceding and succeeding 
the sampling process, filters were desiccated (dried), and a 
microbalance with a resolution of ± 0.01 mg was employed 
to determine the initial and final weights. The gravimetric 
method was utilized to compute the mass concentration of 
PM2.5. The concentration of PM2.5 (μg m−3) was determined 
by subtracting the initial weight from the final weight of the 
QM-A filters, which were measured using a microbalance. 
This difference was then divided by the total volume of air 
sampled during the collection process. Following sample 
collection, the filters were stored under dry conditions in 
a deep-freezer at − 20 °C before undergoing analysis. The 
sampling location exemplifies a standard urban setting, 
bordered by intense roadside traffic and agricultural fields 
extending in the south-west direction.

The elemental analysis of PM2.5 was conducted using 
a wavelength-dispersive X-ray fluorescence spectrometer 
(WD-XRF; ZSX Primus, Rigaku, Japan), operating under 
standard conditions, including vacuum, 36 °C temperature, 
and a 2.4 kW tube rating. Calibration was regularly per-
formed with micro-matter thin-film standards as per rec-
ommended standard procedure (Watson et al. 1999). The 
PM2.5 samples revealed the presence of elements like Al, 
Fe, Zn, Mn, Ti, Cu, Cr, Ni, Cl, P, S, K, Mo, Na, Mg, Ca, 
Pb, As, and Br, with occasional non-detection of Mo and 
Ni. For quality check and quality assurance (QA/QC), the 
measurements of field blank filters were also conducted, 
which were subsequently utilized for intensity correction (as 
well as field blank correction) of the PM2.5 exposed filters. 
Through triplicate (n = 3) analysis of the sample filters, the 
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analytical error or repeatability measurement was estimated 
to be approximately 5–10% (Table S1; in supplementary 
information). The method detection limit (MDL) for the 
observed elements was estimated as three times of average 
standard deviation (SD) of 10 replicate filed blank samples 
filters (Jain et al. 2017). The estimated values of MDL (µg 
m−3) and % repeatability errors are given in Table S1 (in 
supplementary information). Elemental concentrations were 
analysed using SPSS software (IBM, version 26.0), adhering 
to standard statistical procedures, as outlined in our previous 
publications for a comprehensive insight into the measure-
ment methodology (Jain et al. 2020a; Sharma et al. 2021).

Air Mass Backward Trajectories, Potential Source 
Contribution Function (PSCF), and Conditional 
Bivariate Probability Function (CBPF)

Air mass backward trajectory analysis utilized Air Resources 
Laboratory (ARL) datasets Hybrid Single-Particle Lagran-
gian Integrated Trajectory model (HYSPLIT), tracing PM2.5 
pathways from the receptor site at 500 m AGL. TrajStat 
software generated and analysed 120-h trajectories (Rai 
et al. 2020a, b; Jain et al. 2020a, b; Choudhary et al. 2022). 
The backward trajectory analysis generates extensive sets 
of trajectories, delineating the spatial extent of air parcels 
reaching a designated receptor site. These trajectories elu-
cidate the airflow patterns directing air masses towards the 
study area, Delhi, originating from diverse regions across 
the Indian subcontinent, at three distinct elevations (500 m, 

1000 m, and 1500 m AGL). The CBPF approach in R-studio, 
with meteorological data from automated weather station 
(AWS), represented source regions in polar coordinates. 
Polar plots, using Open-air package, focused on PM2.5 con-
centrations and 75th percentiles for the study (Uria-Tellaetxe 
and Carslaw 2014; Banoo et al. 2024).

Positive Matrix Factorization (PMF)

Utilizing the USEPA PMF 5.0 involves decomposing a spe-
ciated data matrix (X) into factor contribution (C) and pro-
file (P) matrices, along with a residual matrix (e). This mul-
tivariate factor analysis model aims to elucidate the chemical 
mass balance by examining the relationship between com-
puted concentrations and source profiles, providing insights 
into the contributions of various sources to the overall data 
(Paatero et al. 1997; Paatero and Tapper 1994) (Eq. 1).

The standard equation-based uncertainty (U) is derived 
through an Eq. 2 that incorporates the error fraction (ef), 
concentration (C), and the method detection limit (MDL) of 
the species (Gianini et al. 2012). The signal-to-noise ratio 
(S/N) for each species serves as an indicator of measurement 
heterogeneity, reflecting the absolute measurement or the 
measurement within the noise (Brown et al. 2015).

(1)X = C × P + e

Fig. 1   Map of the study site  
(Source: Google Earth)
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The PMF model's primary output, detailing contribution 
and profile, is derived from the initial base run, with the Q 
value serving as a key indicator of goodness of fit. Q-robust, 
excluding values with scaled residuals exceeding 4, is com-
pared to Q-true, providing insights into the global minimum. 
Analysis of Q-robust strength and random seeds aids in this 
determination. Species with significant residuals indicate 
poor fitting, with a preferred range of − 3 to + 3 indicative 
of a normal distribution. For error estimation, DISP, BS, 
and BS-DISP methods are utilized. DISP considers rota-
tional discrepancies and is influenced by user-specified data 
uncertainty, while the BS interval remains unaffected by 
such specifications. The BS-DISP method accommodates 
both rotational uncertainties and random errors, despite its 
susceptibility to mis-specifying data uncertainty (Gupta 
et al. 2012; Singhal et al. 2017; Jain et al. 2019, 2020a; Li 
et al. 2020; Rai et al. 2020a, b; Rai et al. 2021; Choudhary 
et al. 2023; Banoo et al. 2024).

In this study, we utilized PMF version 5.0. The PMF 
model analyses both input and equation-based uncertainty 
data files to gain insights into the sources and their respec-
tive percentage profiles. In the present scenario, we per-
formed annual (pooled for 2013–2021 datasets) as well as 
seasonal (winter, summer, monsoon, and post-monsoon) 
source apportionment by applying PMF model. The sea-
sonal PMF analysis was not derived from or influenced by 
the annual PMF observations. This approach ensured that 
each analysis was treated as distinct and allowed for a more 
focused examination of the seasonal variations without the 
potential biases introduced by the annual data. By conduct-
ing separate analyses, we were able to better understand the 
specific dynamics and patterns present within each seasonal 
dataset (ref. to supplementary information text S1). The 
input data file includes elemental composition of PM2.5 (i.e. 
Na, K, Mg, Ca, Al, S, Ti, Mn, Fe, Cu, Zn, As, Br, Pb, Cr, Cl, 
P, and Mo). Equation-based uncertainty was computed using 
Eq. (2), which corresponds to the input speciated data. The 
identification of sources at study sites involved integrating 
model data (S/N, R2, time series) with the base model and 
error estimation. In the case of the BS method, 100 runs 
were conducted, and the results are deemed valid as all fac-
tors exhibited a mapping accuracy above 75% in all the cases 
except post-monsoon due to the significant environmental 
changes, such as altered vegetation and water level. Also, 
certain natural processes occur during post-monsoon that 
may introduced variability in BS. The DISP analysis pro-
vided additional confirmation of the solution's stability, with 

(2)U =

√

(ef × C)2 + (0.5 ×MDL)2

U =
5

6
×MDL,C < MDL

the observed decrease in the Q value being less than 0.1%, 
and no factor swap was noted. In the BS-DISP analysis, the 
solution was deemed reliable, as the observed decline in 
the Q value was below 0.5%. Furthermore, both the BS and 
BS-DISP results showed no signs of asymmetry or rotational 
ambiguity for all factors. The further detailed information 
about the S/N ratio, R2 and model inputs is given in supple-
mentary information (Tables S2, S3). The potential number 
of factors is determined based on the Qtrue/Qexpected value 
(refer to Fig. S9), where a value closer to 1 indicates a more 
reliable number of factors.

Health Risk Assessment (HRA) of Trace/Heavy 
Elements of PM2.5

Being a typical urban area, Delhi accommodates a signifi-
cant population and grapples with poor air quality (Verma 
et al. 2023). Consequently, residents in Delhi could face 
substantial exposure risks associated with trace elements 
(Prakash et al. 2018). In this study, we assessed the carcino-
genic and non-carcinogenic risks linked to trace elements in 
PM2.5, employing statistical thresholds outlined by the Inter-
national Agency for Research on Cancer (IARC). Following 
the IARC criteria, elements such as As, Ni, Cr, and Pb were 
identified as having carcinogenic potential for humans. HRA 
computation was performed utilizing criteria recommended 
by the USEPA and data sourced from the Integrated Risk 
Information System (IRIS) for assessing the carcinogenic 
and non-carcinogenic risks associated with Al, Zn, Mn, Cr, 
Cu, Ni, As, and Pb through inhalation exposure to PM2.5. 
The exposure concentration (µg m−3) (EC), hazard quotient 
(HQ), and carcinogenic risk (CR) were determined by apply-
ing Eqs. (3–5) (USEPA 2011).

In the context of non-carcinogenic risk assessment, 
the hazard quotient (HQ) is determined using the follow-
ing parameters: C represents the element's composition in 
ambient air (µg m−3), ET stands for exposure time (12 h per 
day) (h/day), EF represents exposure frequency (days/year) 
(350 days/year), ED represents exposure duration (years) 
(6 for children and 24 for adults), IR denotes the rate of air 
inhalation, specifically 10 m3 per day for children and 20 
m3 per day for adults, AT represents the average time (days/
year) (365*ED), and BW signifies body weight, which is 
15 kg for children and 70 kg for adults.

In this context, where Rfc represents the reference con-
centration in mg m−3 and CF is the conversion factor with a 

(3)EC =
C × ET × EF × ED × IR

AT × BW

(4)HQ =
EC

(

Rf c × CF
)
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value of 1000 µg mg−1. An HQ value less than or equal to 1 
implies a safe condition with no health hazard, while an HQ 
greater than or equal to 1 suggests the possibility of a health 
hazard and potential adverse health effects.

For carcinogenic risk assessment,

In the context of inhalation unit risk (IUR), if the calcu-
lated carcinogenic risk (CR) exceeds 10–4, it indicates a high 
risk of cancer. A CR value ranging between 10–6 and 10–4 
is deemed within acceptable limits, while a CR value below 
10–6 is considered to have mild health effects (Zheng et al. 
2010; Prakash et al. 2018; Ma et al. 2018; Zhang et al. 2018; 
Wang et al. 2022; Gupta et al. 2023). The Rfc and IUR values 
for their respective heavy elements are given in Table S4 (in 
supplementary information).

Results and Discussion

PM2.5 Concentrations and Elemental Compositions

The annual average mass concentrations (± SD) of PM2.5 
were reported as follows: 136 ± 91 µg m−3, 113 ± 96 µg m−3, 
123 ± 65  µg  m−3, 138 ± 58  µg  m−3, 143 ± 70  µg  m−3, 
124 ± 70 µg m−3, 129 ± 96 µg m−3, 116 ± 68 µg m−3, and 
109 ± 53 µg  m−3 for the years 2013, 2014, 2015, 2016, 
2017, 2018, 2019, 2020, and 2021, respectively, whereas the 
annual median mass concentrations of PM2.5 were recorded 
as 105.4 µg m−3 (2013), 77.7 µg m−3 (2014), 103.8 µg m−3 
(2015), 123.9  µg  m−3 (2016), 120.0  µg  m−3 (2017), 
71.5 µg  m−3 (2018), 97.5 µg  m−3 (2019), 105.7 µg  m−3 
(2020), and 70.3 µg m−3 (2021) during the sampling period. 
The average PM2.5 concentrations in 2020 and 2021 were rel-
atively low, a consequence of decreased activities during the 
Covid-19 lockdown period as opposed to the pre-Covid-19 
era with restricted activities (Sharma and Mandal 2023). 
The overall average concentration of PM2.5 for the years 
2013–2021 was found to be 126 ± 77 µg m−3, i.e. ~ 3 times 
higher than the National Ambient Air Quality Standards 
(NAAQS) limit for annual (40 µg m−3). Similar concentra-
tion was reported by previous researchers in Delhi and Agra 
(Jain et al. 2021; Sharma et al. 2022; Sah et al. 2022) over 
the northern IGP regions of India. Throughout the entire 
sampling duration, WD-XRF identified 19 elements (Na, K, 
Mg, Ca, Al, S, Ti, Mn, Fe, Cu, Zn, As, Br, Pb, Cr, Cl, P, Mo, 
and Ni) consistently in all PM2.5 samples (Table 1). The sup-
plementary Figures S2-3 represented the temporal variation 
of major elements (Al, Fe, Mn, K, Mg, and Ca) and trace 
elements (Cu, Zn, Cr, Br, Pb, and Mo) present in PM2.5 at 
Delhi from 2013 to 2021. The maximum overall annual aver-
age concentrations (± SD) including median concentrations 
were reported for Cl (average: 3.44 ± 2.68 µg m−3; median: 

(5)CR = IUR × EC

3.50 µg  m−3), K (average: 3.02 ± 2.29 µg  m−3; median: 
2.47 µg  m−3), S (average: 2.29 ± 1.57 µg  m−3; median: 
1.99 µg m−3), Ca (average: 1.87 ± 1.36 µg m−3; median: 
1.73 µg m−3), Na (average: 1.80 ± 1.64 µg m−3; median: 
1.29 µg m−3), and Al (average: 1.19 ± 0.78 µg m−3; median: 
0.72 µg m−3) that were present in major proportion, followed 
by Fe (average: 0.82 ± 0.51 µg m−3; median: 0.78 µg m−3), 
Zn (average: 0.49 ± 0.35 µg m−3; median: 0.39 µg m−3), P 
(average: 0.46 ± 0.43 µg m−3; median: 0.15 µg m−3), Pb 
(average: 0.43 ± 0.35 µg m−3; median: 0.05 µg m−3), Mg 
(average: 0.36 ± 0.37 µg m−3; median: 0.217 µg m−3), Cu 
(average: 0.21 ± 0.19 µg m−3; median: 0.081 µg m−3), Cr 
(average: 0.21 ± 0.14 µg m−3; median: 0.195 µg m−3), Mo 
(average: 0.20 ± 0.13  µg  m−3; median: 0.1  µg  m−3), Ti 
(average: 0.19 ± 0.18 µg m−3; median: 0.013 µg m−3), As 
(average: 0.19 ± 0.14 µg m−3; median: 0.002 µg m−3), Ni 
(average: 0.14 ± 0.04 µg m−3; median: 0.122 µg m−3), Br 
(average: 0.12 ± 0.11 µg m−3; median: 0.07 µg m−3), and 
Mn (average: 0.07 ± 0.07 µg m−3; median: 0.009 µg m−3) 
that were estimated in trace level (Fig. 2). Al, Na, Ca, S, 
Cl, and K have been identified as major elements in PM2.5 
not only in this study but also in other research leaded in 
Delhi (Jain et al. 2017; Rai et al. 2020a, b; Rai et al. 2021; 
Bangar et al. 2021). Throughout the entire sampling period 
(2013–2021) in Delhi, the cumulative concentrations (∑all 
elements) of both major and trace elements were measured 
at 17 ± 13 µg m−3 that constituted ~ 14% of the total PM2.5 
mass concentration. The research indicates that the percent-
age contribution of elemental composition in PM2.5 aligns 
with findings from previous study conducted in Delhi (Jain 
et al. 2017). The maximum percentage contribution of ele-
mental composition was reported in the year 2014, i.e. ~ 18% 
whereas the year 2020 have minimum contribution, i.e. ~ 9% 
(Table 1). 

The seasonal average concentration (± SD) of PM2.5 
was observed to be highest during post-monsoon 
(192 ± 110 µg m−3), followed by winter (158 ± 70 µg m−3), 
summer (92 ± 44 µg m−3), and monsoon (67 ± 32 µg m−3) 
seasons (Fig. S1; in supplementary information). Nota-
bly, the mean concentrations of PM2.5 during all seasons 
exceeded the NAAQS limit. The elevated concentrations can 
be attributed to various factors, including meteorological 
conditions and occasional burning activities (Jain et al. 2017; 
Sharma et al. 2020; 2022). Table 2 provides a summary of 
the seasonal statistics for elements such as Na, K, Mg, Ca, 
Al, S, Ti, Mn, Fe, Cu, Zn, As, Br, Pb, Cr, Cl, P, Mo, and Ni 
in relation to PM2.5, along with their respective contribu-
tions to PM2.5. Cl, K, S, Ca, Na, and Al were estimated as 
major elements in PM2.5 samples in all seasons. The summer 
months (March–May) witnessed the highest percentage con-
tribution to the total elemental composition of PM2.5 mass, 
accounting for 16.9%, followed by the monsoon season 
(June–September) with 16.6% contribution to PM2.5. Winter 
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months (January–February) exhibited a 12.9% contribution 
to PM2.5, and the post-monsoon period (October–Decem-
ber) contributed 11.7% to the total elemental composition 
of PM2.5 mass (Table 2). During the winter months (Janu-
ary–February), key contributors to PM2.5 concentration 
included Cl (5.19 ± 4.13 µg m−3), K (3.40 ± 2.60 µg m−3), 
S (2.66 ± 1.18  µg  m−3), Na (1.95 ± 2.17  µg  m−3), Ca 
(1.86  1.97 µg m−3), and Al (1.24 ± 1.31 µg m−3), collec-
tively representing 80% of the total elemental contribution. 
In contrast, the summer period (March–May) witnessed 
substantial contributions from K (2.70 ± 1.82  µg  m−3), 
Cl (2.70 ± 2.35  µg  m−3), Ca (2.37 ± 1.59  µg  m−3), S 
(1.66 ± 1.02  µg  m−3), Na (1.55 ± 1.41  µg  m−3), and Al 
(1.17 ± 0.94 µg m−3), comprising 78% of the total elemental 
contribution to PM2.5 concentrations. Transitioning into the 
monsoon months (June–September), significant contribu-
tors were K (1.83 ± 1.98 µg m−3), Ca (1.83 ± 1.70 µg m−3), 
S (1.62 ± 0.98 µg m−3), Na (1.18 ± 1.17 µg m−3), and Cl 
(1.03 ± 1.69 µg m−3), accounting for 67% of the total elemen-
tal contribution to PM2.5 mass loadings. In the post-mon-
soon season (October–December), Cl (4.79 ± 4.55 µg m−3), 
K (4.61 ± 3.02  µg  m−3), S (3.30 ± 2.11  µg  m−3), Ca 
(1.97 ± 1.94  µg  m−3), Na (1.86 ± 2.10  µg  m−3), and Al 
(1.41 ± 1.23 µg m−3) emerged as major contributors, con-
stituting 80% of the total elemental contribution to PM2.5 
concentrations. The increased presence of Cl in PM2.5 sam-
ples at the time of winter, and post-monsoon seasons can 
be attributed to activities such as combustion and biomass 
burning (Singhal et al. 2017; Chang et al. 2018), whereas 
the elevated concentration of K during summer and mon-
soon seasons may be associated with combustion, crustal 
and road dust related activities (Jain et al. 2017; Sharma 

et al. 2022). The consistent observation of Al, Ca, and Na in 
PM2.5 throughout all seasons suggests a contribution from 
mineral and soil dust to the PM2.5 mass loading. The sources 
of crustal, soil, and road dust in PM2.5 at the sampling site 
may stem from both local and long-range transportation of 
pollutants, including those from deserts, paved or unpaved 
roads, as well as construction and agricultural activities 
(Sharma et al. 2014; Jain et al. 2020a, b; Bangar et al. 2021).

Impact of Air Mass Backward Trajectories on PM2.5

In order to understand the trajectories of particulate air 
masses reaching the sampling site, Delhi, seasonal trajec-
tories at 500 m above the ground level (AGL) were gen-
erated, as depicted in Fig. S4 (in supplementary informa-
tion). During the winter season, the backward trajectories 
of atmospheric masses reaching to Delhi originated locally 
and from states including Punjab, Haryana, Uttar Pradesh, 
Rajasthan, Gujarat, West Bengal, Bihar, some parts of Mad-
hya Pradesh, and northern states like Himachal Pradesh 
and Jammu and Kashmir. Additionally, contributions came 
from neighbouring countries such as Pakistan, Afghanistan, 
Iran, and Nepal. In the summer season, the backward air 
parcels were traced back to Maharashtra, Andhra Pradesh, 
West Bengal, Rajasthan, Gujarat, Punjab, Haryana, Bihar, 
Uttar Pradesh, Uttarakhand, Himachal Pradesh, some parts 
of Madhya Pradesh, the Arabian Sea, the Bay of Bengal, 
and countries including Pakistan, Afghanistan, Iran, Tajik-
istan, Bangladesh, and Nepal. Throughout the monsoon 
season, the predominant air flow originated from the Ara-
bian Sea and the Bay of Bengal. Additionally, contributions 
were observed from regional states such as Maharashtra, 

Fig. 2   Box plot for annual 
elemental concentrations of 
PM2.5 from the year 2013–2021
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Madhya Pradesh, West Bengal, Rajasthan, Gujarat, Pun-
jab, Haryana, Bihar, Uttar Pradesh, Uttarakhand, Himachal 
Pradesh, as well as countries including Bangladesh, Burma, 
Uzbekistan, and Nepal. In the post-monsoon period, the 
maximum air flow originated from the western part of 
India, encompassing the Arabian Sea, Rajasthan, Gujarat, 

Haryana, and Punjab. Some air parcels also originated from 
Uttar Pradesh, West Bengal, and Nepal. To identify the 
likely source regions of PM2.5 at the receptor site, Delhi, a 
potential source contribution function (PSCF) analysis was 
conducted. Grids exhibiting a probability below 0.1 were 
made transparent, and the remaining grids were presented 

Table 2   Annual mean and 
overall mean elemental 
concentrations of PM2.5 (µg 
m−3) in Delhi, India

 ± standard variation (at 1σ); value in parentheses is range (min –max)
winter: JF; summer: MAM; monsoon: JJAS; post-monsoon: OND

Elements (El) Winter (n = 161) Summer (n = 181) Monsoon (n = 199) Post-monsoon (n = 215)

Na 1.95 ± 2.17 1.55 ± 1.41 1.18 ± 1.17 1.86 ± 2.10
(0.02–21.18) (0.01–17.04) (0.01–18.68) (0.02–29.41)

K 3.40 ± 2.60 2.70 ± 1.82 1.83 ± 1.98 4.61 ± 3.02
(0.17–20.15) (0.08–5.55) (0.03–8.61) (0.36–14.99)

Mg 0.24 ± 0.40 0.29 ± 0.22 0.37 ± 0.47 0.45 ± 0.78
(0.01–2.86) (0.01–1.51) (0.02–3.04) (0.02–5.35)

Ca 1.86 ± 1.97 2.37 ± 1.59 1.83 ± 1.70 1.97 ± 1.94
(0.06–13.71) (0.12–8.13) (0.05–8.94) (0.05–10.14)

Al 1.24 ± 1.31 1.17 ± 0.94 0.91 ± 0.86 1.41 ± 1.23
(0.01–5.27) (0.06–4.02) (0.08–5.15) (0.06–5.27)

S 2.66 ± 1.18 1.66 ± 1.02 1.62 ± 0.98 3.30 ± 2.11
(0.56–7.00) (0.11–4.77) (0.15–6.10) (0.14–10.72)

Ti 0.09 ± 0.08 0.11 ± 0.21 0.09 ± 0.14 0.15 ± 0.21
(0.02–0.75) (0.01–0.59) (0.01–1.10) (0.01–1.64)

Mn 0.06 ± 0.11 0.04 ± 0.06 0.10 ± 0.13 0.07 ± 0.08
(0.01–0.92) (0.01–0.39) (0.002–0.75) (0.002–0.68)

Fe 0.85 ± 0.46 0.83 ± 0.60 0.71 ± 0.57 0.95 ± 0.59
(0.01–2.34) (0.01–2.98) (0.01–5.25) (0.02–3.19)

Cu 0.21 ± 0.23 0.16 ± 0.20 0.12 ± 0.17 0.21 ± 0.22
(0.01–1.38) (0.01–1.32) (0.002–1.19) (0.01–1.03)

Zn 0.60 ± 0.39 0.44 ± 0.35 0.26 ± 0.25 0.64 ± 0.43
(0.02–1.85) (0.01–1.85) (0.01–1.49) (0.02–2.86)

As 0.18 ± 0.15 0.07 ± 0.12 0.03 ± 0.05 0.18 ± 0.17
(0.01–0.59) (0.01–0.69) (0.01–0.35) (0.003–0.96)

Br 0.12 ± 0.12 0.11 ± 0.23 0.09 ± 0.08 0.13 ± 0.11
(0.01–0.86) (0.01–1.95) (0.01–0.50) (0.01–0.94)

Pb 0.41 ± 0.34 0.24 ± 0.25 0.26 ± 0.29 0.52 ± 0.46
(0.01–1.57) (0.01–1.05) (0.01–1.64) (0.02–2.56)

Cr 0.27 ± 0.16 0.20 ± 0.14 0.13 ± 0.07 0.24 ± 0.12
(0.03–1.60) (0.01–0.69) (0.02–0.29) (0.02–0.76)

Cl 5.19 ± 4.13 2.70 ± 2.35 1.03 ± 1.69 4.79 ± 4.55
(0.28–19.38) (0.13–19.05) (0.11–18.72) (0.13–29.95)

P 0.68 ± 0.89 0.56 ± 0.63 0.35 ± 0.56 0.51 ± 0.69
(0.01–5.35) (0.02–3.06) (0.01–4.80) (0.01–3.72)

Mo 0.29 ± 0.19 0.20 ± 0.15 0.15 ± 0.11 0.28 ± 0.16
(0.03–0.91) (0.01–0.65) (0.01–0.68) (0.03–1.05)

Ni 0.13 ± 0.02 0.15 ± 0.07 0.12 ± 0.02 0.14 ± 0.03
(0.10–0.21) (0.11–0.36) (0.11–0.15) (0.11–0.21)

∑ El 20.42 ± 16.9 15.53 ± 12.36 11.14 22.38 ± 19.00
PM2.5 158 ± 70 92 ± 44 67 ± 32 192 ± 110
% of ∑El in PM2.5 12.9% 16.9% 16.6% 11.7%
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in a spectrum of colours. Lighter shades represented lower 
probabilities, while darker hues indicated higher probabili-
ties. In the winter season, noteworthy air mass loads with 
higher WPSCF values (> 0.9) originated locally at specific 
sites (Anand Vihar, Kashmiri Gate, Ghaziabad, Kirti Nagar, 
Patel Nagar, Rajendra Place). WPSCF values ranging from 
0.3 to 0.9 were observed in regional states like Haryana and 
Punjab, attributed to various burning activities conducted 
for heating purposes. Additionally, WPSCF values in the 
range of 0.1 to 0.2 were associated with both regional and 
trans-boundary sources, including Jammu & Kashmir, 
Uttar Pradesh, Rajasthan, Pakistan, Afghanistan, and Nepal 
(Fig. 3). During the summer season, heightened loadings 
of PM2.5 with WPSCF values > 0.9 were found to originate 
locally, while values in the range of 0.3–0.9 originated from 
Punjab, Haryana, and specific areas of Uttarakhand and 
Himachal Pradesh. Lower WPSCF values (0.1–0.2) were 
associated with both regional and trans-boundary sources, 
including the Arabian Sea, the Bay of Bengal, and countries 
such as Pakistan, Afghanistan, Iran, Tajikistan, Bangladesh, 
and Nepal (Fig. 3). In the monsoon season, substantial air 
masses with WPSCF values > 0.8 or in the range of 0.3 to 
0.8 were primarily generated locally. Lower WPSCF values 
(0.1–0.2) were linked to both regional and trans-boundary 
sources, encompassing the Arabian Sea, the Bay of Bengal, 
Maharashtra, Madhya Pradesh, West Bengal, Rajasthan, 
Gujarat, Punjab, Haryana, Bihar, Uttar Pradesh, Uttara-
khand, Himachal Pradesh, and countries such as Bangladesh, 
Burma, Uzbekistan, and Nepal (Fig. 3). In the post-monsoon 
period, the predominant air flow with WPSCF values > 1.0 
originated locally, while values in the range of 0.3–0.9 were 
traced back to Haryana and Punjab, attributed to occasional 
burning activities like stubble burning during this season 

(Jain et al. 2017). Lower WPSCF values (0.1–0.2) were 
associated with both regional and trans-boundary sources, 
including the Arabian Sea, Rajasthan, and Gujarat (Fig. 3) 
(Naja et al. 2014; Jain et al. 2017, 2021). The seasonal back-
ward trajectory analysis at different heights, i.e. 1000 m and 
1500 m AGL for 120 h, was also plotted and analysed (Fig. 
S5–S6, in supplementary information). There is no potential 
impact of varying trajectory heights on air parcel results. 
Furthermore, the seasonal PSCF analysis is detailed in the 
supplementary information (Fig. S7–S8, in supplementary 
information), indicating minimal variation in the results.

Conditional Bivariate Probability Function

To gain a deeper understanding of the directional influence 
of local sources, a seasonal conditional bivariate polar func-
tion (CBPF) plot was executed for the Delhi sampling site 
(Uria-Tellaetxe et al. 2014) (Fig. 4). In the winter season, 
programmed wind speed (WS) ranging from approximately 
0.21–2.00 m/s, coupled with mass concentrations (> 75th 
percentile, 158 µg m−3), indicated a major source region in 
the centre, possibly attributed to traffic emissions, given the 
proximity to traffic junctions (Patel Nagar, Rajendra Place, 
Shadipur). The south–east (S–E) direction revealed a heavy 
traffic region (Daryaganj, Saket, CP, Anand Vihar terminal), 
while the south–west (S–W) direction suggested emissions 
from nearby industries, particularly the Naraina industrial 
area. In the summer season, programmed WS approximately 
ranging from 0.23 to 2.29 m/s, coupled with mass concen-
trations (> 75th percentile, 92 µg m−3), identified the major 
source region in the south–west (S–W) direction, indicat-
ing industrial emissions from metal processing industries in 
the Naraina industrial area. The central region also showed 

Fig. 3   Seasonal air mass PSCF 
analysis of PM2.5 at height 
500 m (AGL) over Delhi
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potential traffic-related contributions from surrounding junc-
tions (Patel Nagar, Rajendra Place, Shadipur). During the 
monsoon season, programmed WS approximately ranging 
from 0.08 to 2.40 m/s, with mass concentrations (> 75th 
percentile, 67 µg m−3), pointed towards the major source 
regions in the south (S) and south–west (S–W) directions. 
This suggested contributions from industrial emissions in 
the Naraina industrial area and traffic emissions from the 
southern part of Delhi. In the post-monsoon period, pro-
grammed WS approximately ranging from 0.06 to 1.80 m/s, 
with mass concentrations (> 75th percentile, 192 µg m−3), 
indicated major source regions in the north–west (N–W), 
south–west (S–W), south (S), and central areas. Contribu-
tions from traffic emissions near junctions (Patel Nagar, 
Rajendra Place, Shadipur) in the central region were noted, 
along with potential contributions from agriculture fields 
(ICAR-Indian Agricultural Research Institute), forests (Cen-
tral Ridge Forest), and residential areas surrounding the site. 
The north–west (N–W) direction indicated industrial emis-
sions and combustion activities (open waste burning, heat-
ing purposes) in areas such as Rohini, Kanjhawala, Narela, 
and Bawana (Jain et al. 2019; Shivani et al. 2019; Rai et al. 
2020a, b; Banoo et al. 2020, 2024).

Source Apportionment: Annual Source Profiles 
of PM2.5 on Long‑Term basis

Positive matrix factorization (PMF 5.0 version) was 
employed to discern additional source details for the ele-
ments in PM2.5. In the annual period spanning 2013 to 2021, 
a seven-factor solution was chosen as the most reliable, uti-
lizing 18 species (Na, K, Mg, Ca, Al, S, Ti, Mn, Fe, Cu, 

Zn, As, Br, Pb, Cr, Cl, P, and Mo) and 756 PM2.5 samples 
with Ti as a weak species and extra modelling uncertainty 
of 16.5%. The source profiles and % contribution identi-
fied by the PMF analysis are shown in Fig. 5 (Table S5-S6, 
in supplementary information). Seven factors, i.e. two dust 
related factors (crustal/road dust, and paved road dust), Br-
rich, combustion, vehicular emissions, and biomass burning 
and industrial emissions, were estimated for PM2.5 for the 
years 2013–2021.

Dust

The PMF analysis revealed two factors related to dust, 
encompassing crustal/soil/road dust (rich in Na and Al) and 
paved road dust (rich in Mg, Ca, and Fe), contributing 15.7% 
and 14.2%, respectively. Crustal and road dust with higher 
loadings for Na (52%), K (30%), Mg (36%), Ca (38%), and 
Al (64%) while paved roads have higher loadings for Mg 
(51%), Ca (53%), and Fe (50%). The two dust related factors 
together explained 91% of Ca and 87% of Mg while the other 
factors explained only 9% of Ca and 13% of Mg. Several 
other researchers reference these elements (Ca, Na, Mg, K, 
and Al) as indicative of a soil/crustal/dust source (Gugam-
setty et al. 2012; Waked et al. 2014; Khan et al. 2016; Jeong 
et al. 2017; Manousakas et al. 2022). A comprehensive set of 
marker elements employed in India for the identification of 
soil dust comprises Al, Si, Ca, Ti, Fe, Pb, Cu, Cr, Ni, Co, and 
Mn (Gupta et al. 2012; Banerjee et al. 2015; Sharma et al. 
2016b; Jain et al. 2017). The elevated relative contributions 
of Ca in road dust have been identified in other source appor-
tionment studies; generally, Ca and Mg are frequently linked 
to mineral dust and construction activities (Bukowiecki et al. 

Fig. 4   Seasonal CBPF plots for 
Delhi



403Archives of Environmental Contamination and Toxicology (2024) 86:393–409	

2010; Crilley et al. 2016; Maenhaut 2017; Rai et al. 2020a, 
b). The sampling site's proximity to the freeway suggests 
susceptibility to the wear and tear of asphalt and concrete 
roads, primarily due to heavy traffic influence. The increased 
proportion of crustal elements like Ca and Mg in road dust 
could result from the extensive use of asphalt and concrete 
in road construction (Fullova et al. 2017).

Br‑rich

The second factor was identified as Br-rich source (9%) of 
PM2.5, with a sole contribution consisting of 86% of Br. This 
factor also includes Cu with 34% of contribution. Accord-
ing to the previous studies there are various sources like 
refuse burning that includes biomass burning, vehicular 
emissions, waste incineration related activities, industrial 
emissions, etc. releases Br into the atmosphere (Karar and 
Gupta 2007; Chelani et al. 2010; Gugamsetty et al. 2012; 
Chen et al. 2018; Liao et al. 2021; Peng et al. 2021). Apart 
from combustion-related activities, bromine (Br) is also 
emitted from sources such as soil dust, geothermal steams, 
sea spray, and wastewater treatment plants, as noted by Leri 
et al. (2024). In this context, sources rich in Br are consid-
ered a mixed type source of PM2.5.

Combustion

The factor three was identified as combustion and this factor 
contributed 14% to the PM2.5 mass having higher loadings 
of As (91%) and Cl (40%). Several previous researches sug-
gested that As and Cl are the major contributor to the coal 
combustion (Jiang et al. 2018; Dai et al. 2020). Also, As 
and Cl were emitted through traffic emission mostly through 
fuel combustion (Dai et al. 2020). As is also a marker for 

industrial combustion process mostly in metal manufactur-
ing plants (Chen et al. 2018).

Vehicular Emissions

This traffic-related emissions or vehicular emissions (both 
exhaust and non-exhaust) serves as a fourth factor that 
contributed 17.2% to the total PM2.5 mass and have higher 
loadings for S (44%), Zn (56%), Pb (93%), and Mo (41%). 
The elements Zn, Pb, and Mo mostly emitted through non-
exhaust vehicular activities such as brake and tire wear 
(Khan et al. 2016; Prakash et al. 2018; Jiang et al. 2018). 
This factor solely explained 93% contribution of Pb in total 
PM2.5 mass composition that is a tracer for wearing of vehi-
cle tires (Prakash et al. 2018). Zn and Mo are prevalent trace 
elements found in abundance in brake pads and brake lin-
ings. These elements are commonly associated with tire and 
brake wear (Grigoratos and Martini 2015; Khan et al. 2016; 
Jiang et al. 2018). S is a component emitted through exhaust 
vehicular emissions (fuel combustion) (Amato et al. 2009). S 
can be present in vehicular emissions, primarily in the form 
of SO2 and sulphur-containing compounds. The ignition of 
fossil fuels, such as gasoline and diesel, releases sulphur 
compounds into the atmosphere (Jain et al. 2019; Saraswati 
et al. 2019; Choudhary et al. 2023).

Biomass burning

The PMF analysis reveals the fifth factor as biomass burn-
ing that contributed 15.4% for PM2.5 mass composition hav-
ing higher loadings for P (87%), Cl (44%), Na (43%), and 
K (24%). Previous studies reveal the emission of Na and 
Cl through biomass burning emissions from open agricul-
tural residue burning (Singhal et al. 2017). In the context of 

Fig. 5   Annual (2013–2021) 
source profiles and % source 
contribution of PM2.5 extracted 
by PMF



404	 Archives of Environmental Contamination and Toxicology (2024) 86:393–409

particulate matter (PM) in India, K has been utilized as a 
primary indicator for the identification of biomass burning 
(Ram et al. 2010). Situated in close proximity to an agricul-
tural area, the sampling site is encircled by regions engaged 
in various agricultural activities, including burning prac-
tices. This proximity increases the likelihood of phosphorus 
in PM2.5 samples. Biomass burning, whether from agricul-
tural residue burning or forest fires, can release phosphorus 
into the atmosphere. Plant materials contain phosphorus, and 
when burned, it can be emitted as PM (Akagi et al. 2011; 
Bhuvaneshwari et al. 2019; Meng et al. 2022).

Industrial Emissions

The elevated presence of Mn (87%), Ti (72%), Cu (27%), 
and Cr (26%) characterizes industrial emissions, likely origi-
nating from nearby metal manufacturing plants and storage 
facilities situated in close proximity to the sampling site. 
A suite of marker species, including Co, Cd, Zn, Ni, Cr, 
Mn, S, As, Fe, Cu, and Mo, has been employed in India to 
discern specific industrial emissions (Banerjee et al. 2015; 
Sharma et al. 2014). Ti is emitted as TiO2 that is a tracer 
for dust related emissions, and also, it is used in ore mining 
activities which is coming from long-range transport (Jain 
et al. 2019). In the current study, PMF analysis identified a 
14.2% contribution to PM2.5 mass from industrial emissions.

The seasonal sources of PM2.5 were also examined using 
PMF and extracted seasonal sources are available in supple-
mentary information (Supplementary Text 1; Fig. S10-S13).

Health Risk

Despite the fact that trace/heavy elements only account 
for a small percentage of PM2.5's total mass concentration, 
their non-degradable nature and accessibility raise serious 
concerns for human health (Li et al. 2023). Comprehending 
the manner in which PM2.5 affects health necessitates an 
understanding of the intricate interactions between oxida-
tive stress, cellular damage, systemic effects, and inflamma-
tory responses (Saffari et al. 2014; Lopez Cruz et al. 2016; 

Prakash et al. 2018). In order to assess the health risks con-
nected to trace elements, they must be divided into catego-
ries: carcinogenic and non-carcinogenic. Based on estimated 
element levels of the years 2013–2021, the health risks were 
computed annually and seasonally in order to evaluate how 
emission control measures affected element concentrations 
(Table S15; in supplementary information).

Annually, the non-carcinogenic risks linked with trace/
heavy elements. The HQ values of Cr (2 × 100 (adult) and 
4.7 × 100 (child)) and Mn (1.4 × 100 (adult) and 3.2 × 100 
(child)) comparing to other elements, showed elevated val-
ues on an annual basis (Fig. 6). The HQ values for other 
elements were below one, indicating that elements did not 
appear to be a non-carcinogenic risk overall. Furthermore, 
the combined HQ value of these elements, i.e. HI (Hazard 
Index) is greater than one, suggesting that there is appre-
ciable non-carcinogenic risk connected to the elements 
(Li et al. 2023). In terms of carcinogenic risks (CR), the 
order of CR values for adults and children has been cal-
culated by utilizing the concentrations of trace/heavy ele-
ments as- Cr (4.2 × 10–4) and (1.0 × 10–4) > As (4.9 × 10–5) 
and (1.2 × 10–5) > Pb (4.5 × 10–7) and (1.1 × 10–7) > Ni 
(2.5 × 10–7) and (6.2 × 10–8), respectively. Adults and chil-
dren had cumulative CR values of 4.7 × 10–4 and 1.12 × 10–4, 
respectively. Notably, Cr exceeded the USEPA’s allowable 
limit and demonstrated a carcinogenic effect in both adults 
and children.

In addition to conducting annual assessment of health 
risk, we also computed the seasonal health risk assess-
ment for carcinogenic and non-carcinogenic effects for the 
years 2013–2021 in Delhi (Fig. 7). In winter, the non-
carcinogenic risk associated with trace/heavy elements 
showed elevated HQ values for Cr (2.5 × 100 (adult), 
5.8 × 100 (child)) and Mn (1.3 × 100 (adult), 3.1 × 100 
(child)) comparing to other elements. The carcinogenic 
risk (CR) values were also calculated and found higher for 
Cr ((5.1 × 10–4) and (1.3 × 10–4)) in both adults and chil-
dren respectively. The exceeded values of Cr demonstrated 
a carcinogenic effect in both adults and children. Similarly, 
in summer the non-carcinogenic risk showed elevated HQ 

Fig. 6   Annual assessment of 
hazard quotient (HQ), and 
carcinogenic risk (CR) of heavy 
elements in Delhi
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values for Cr (1.9 × 100 (adult) 4.5 × 100(child)) and Mn 
(1.0 × 100(adult) 2.4 × 100(child)) comparing to other ele-
ments. The carcinogenic risk (CR) values evaluated by 
using concentration of trace/heavy elements found to be 
in the accepted range for children as provided by USEPA, 
but for adults the CR values of Cr showed value 4.0 × 10–4 
exceeded from the limit. In monsoon, the non-carcinogenic 
risk associated with trace/heavy elements showed elevated 
HQ values for Cr (1.3 × 100 (adult) 3.1 × 100(child)) and 
Mn (1.9 × 100(adult) 4.5 × 100(child)) comparing to other 
elements. Like summer, also in monsoon the CR val-
ues for Cr found to be in the accepted range for children 
and for adults it is found to be 2.7 × 10–4. Succeeding to 
this, in post-monsoon season the non-carcinogenic risk 
of trace/heavy elements showed higher HQ values for Cr 
(2.4 × 100 (adult), 5.6 × 100 (child)) and Mn (1.1 × 100 
(adult), 2.6 × 100 (child)) in comparison to other elements. 
The carcinogenic risk (CR) values calculated using con-
centration of trace elements and found to be exceeded for 
Cr 4.9 × 10–4 (adult) 1.2 × 10–4 (child). Previous research-
ers also reported the carcinogenic risk of Cr, Mn, As, 
Ni and Pb of PM2.5 exposures in Delhi and other nearby 
areas (Agarwal et al. 2017; Prakash et al. 2018; Sah 2022; 
Singh et al. 2023). Also, various researchers internation-
ally reported the carcinogenic risk of Pb, As, Sn, Cd, Zn 
and Ni of PM2.5 outside India (Li et al. 2023; Chen et al. 
2021; Duan et al. 2021). Prakash et al. 2018 investigated 
carcinogenic risk in Delhi and reported significantly 
elevated health risks associated with PM1.0-bound ele-
ments, particularly for Cr and Ni, exceeding safe limits 

for children and approaching tolerable limits for adults. 
Also, Sah (2022) reported the carcinogenic risks linked 
to As, Cr, and Ni were found to exceed the precaution-
ary criterion (1 × 10–6) for both adults and children. This 
suggested that there are considerable and should not be 
disregarded carcinogenic risks associated with exposure 
to these elements through PM2.5. The carcinogenic risks 
associated with PM2.5 exposure of Cd were found to be 
non-negligible, as evidenced by the fact that they exceeded 
the precautionary criterion (1 × 10–6) for adults.

There is no significant effect of the elements exhibited 
carcinogenic or non-carcinogenic effects. However, Cr and 
Mn continued to indicate relatively adverse health impacts 
in both adults and children, attributed to their elevated 
hazard quotient (HQ) values. Additionally, high carcino-
genic risk values were observed for Cr in both adults and 
children during the winter and post-monsoon seasons, 
and in adults during the summer and monsoon seasons. 
The higher risks associated with Cr and Mn in Delhi were 
hypothesized to be primarily influenced by industrial 
or vehicular activities. This assumption is based on the 
recognition that both Cr and Mn in PM2.5 are commonly 
acknowledged as markers for emissions originating from 
industrial and vehicular sources (Gugamsetty et al. 2012; 
Srimuruganandam and Nagendra 2012; Belis et al. 2013; 
Bannerjee et al. 2015).

Fig. 7   Seasonal assessment of 
Hazard Quotient (HQ), and Car-
cinogenic Risk (CR) of heavy 
elements in Delhi
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Conclusion

This comprehensive study conducted from January 2013 
to December 2021 offers a thorough examination of PM2.5 
elemental compositions in Delhi, India, focusing on sea-
sonal variations, long-term annual concentrations, source 
apportionment using PMF of elements present in PM2.5, and 
health risk assessment related to heavy elements. Over the 
study period, 19 elements (Al, Fe, Zn, Mn, Ti, Cu, Cr, Ni, 
Cl, P, S, K, Mo, Na, Mg, Ca, Pb, As, and Br), comprising 
13.9% of the PM2.5 mass concentration (127 ± 77 µg m −3), 
were identified in PM2.5. The seasonal analysis consistently 
revealed heightened PM2.5 concentrations, peaking during 
the post-monsoon period (192 ± 110 µg m −3), followed by 
winter (158 ± 70 µg m −3), summer (92 ± 44 µg m −3), and 
monsoon (67 ± 32 µg m −3), all surpassing NAAQS lim-
its. Source apportionment identified six primary sources 
contributing to PM2.5, including dust (two dust related fac-
tors), combustion, vehicular emissions, industrial emissions, 
Br-rich sources, and biomass burning, with varying con-
tributions across seasons. Trajectory analysis highlighted 
trans-boundary origins of PM2.5 from Afghanistan, Paki-
stan, Nepal, and Iran, alongside regional contributions from 
northern and western states of India, while CBPF analysis 
pinpointed local source regions in the south-east and south-
west directions of Delhi. Health risk assessment uncovered 
heightened carcinogenic risks linked to Cr in both adults and 
children during winter and post-monsoon seasons, as well as 
in adults during summer and monsoon seasons, suggesting 
significant contributions from industrial or vehicular activi-
ties to the elevated risks associated with Cr and Mn in Delhi. 
As research in this field continues to unravel the intricate 
mechanisms through which PM2.5 impacts health, the find-
ings of this long-term elemental composition analysis offer 
crucial insights essential for informing public health policies 
and strategies aimed at reducing the health risks associated 
with air pollution. This long-term study on PM2.5 composi-
tion stands as a valuable resource for policymakers dedicated 
to mitigating and enhancing ambient air quality and human 
health in Delhi and similar urban settings.
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