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S1. Quality Assurance and Quality Control (QA/QC) Procedures
The Xact 625i ambient metals monitor was operated at the standard flow rate of 16.7 lpm while sampling ambient air for PM2.5 at an hourly time resolution. The instrument is designed to perform automated quality assurance checks every midnight for the elements Cr, Cd, and Pb. In addition to the automated QA checks, leak and flow checks, along with XRF and flow calibration, were performed at regular intervals as per the maintenance routine advised by the manufacturer.
The Q-ACSM was operated with a standard flow rate of around 0.1 lpm while sampling and analyzing NR-PM2.5 at a 10-min interval, with background air, allowing for continuous air beam correction, and averaging to an hourly resolution. The ACSM is run using a capture vaporizer, and the corresponding collection efficiency is taken as 1, as suggested by 1. The ionization efficiency (IE) of NO3 and relative ionization efficiencies (RIE) of NH4 and SO4 were calculated using a monodisperse supply of NH4NO3 and (NH4)2SO4 aerosols, selected through a differential mobility analyzer (DMA) and counted using a condensation particle counter (CPC) as suggested by 2. The ACSM calibrations were performed using full scan mode, as per the manufacturer's recommendations 3, both before starting the campaign and after its completion. 
The Aethalometer was run at a standard operating flow rate of 5 lpm, with a 1-minute time resolution, and averaged to an hourly resolution. While the Aethalometer is designed to operate independently with minimal intervention, the routine was performed as per the manufacturer's recommendation. The routine maintenance involved regular flow rate checks, inspection, and cleaning of the optical chamber and insect screen assembly. The measurements were monitored continuously for any instrument warnings, noise/spikes, as well as BC vs. attenuation values for any required compensation. 
The instruments employed in this study (discussed in section 2.1), are designed to measure partial, rather than total PM2.5 as none of the three instruments can measure refractory cations and anions like sodium, magnesium, oxides and fluorides. 

S2 Positive Matrix Factorization (PMF) Analysis
PMF Analysis

Positive Matrix Factorization was the receptor model employed for source apportionment in this study 4. PMF was implemented through the multilinear engine-2 (ME-2) solver and controlled via SoFi (Source Finder, 9.5.6.3), which allows for a comprehensive and systematic PMF analysis 5,6.

In PMF, the data matrix X (nxm) having a dimension of n rows and m columns, where n and m are the number of samples and species, respectively, is factorized into two matrices, namely G (n×p) and F (p×m), where p represents the number of factors extracted.

X = GF + E                          (1)

Here G is the source contribution matrix with p sources, and F is the matrix of p source profiles, and E contains the residuals. G and F are constrained to obtain only non-negative values.

Equation (1) in index notation is:
xij=  + eij                                          (2)
Where xij is the concentration of species j measured on sample i, p is the number of factors contributing to the sample, fkj is the concentration of species j in factor profile k, gik is the relative contribution of factor k to sample i, and eij is the residual of the PMF model for the jth species measured on sample i. The goal is to find the gik, fkj, and p values that best reproduce xij. The values of gik and fkj are adjusted until a minimum value of the objective function Q for a user-selected p is found. Q is defined as:

Q=                                  (3)
Where sij is the uncertainty of the jth species concentration in sample i, n is the number of samples, and m is the number of species.

ME-2 7 allows exploring the rotational space around the base solution by introducing limits and/or penalties into the PMF model for deviation from predetermined values for gik and/or fkj for one or more factors, a technique called constraining. Here we use the a-value approach, in which one or more output factor profiles and/or time series are required to be within predefined limits of a reference profile and/or time series, with the tightness of constraint defined by the scalar a (0 ≤ a ≤ 1). Constraints may apply to the entire profile or time series, or to selected variables and/or time points only. The degree of freedom is regulated by the scalar a (a=0 means 0% allowed deviation from the anchor profile, and a=1 means 100% allowed deviation). Using constraints in elemental datasets has been shown to provide improved factor separation compared to conventional unconstrained PMF 6,8.

Uncertainty in PMF analyses arises from three main causes: random errors in data values, rotational ambiguity, and modeling errors. Modeling errors are relatively easy to identify by monitoring the residuals of the solution. The residuals should be normally distributed, unstructured over time and variables throughout all ranges 9. In 5 , a method was proposed for the estimation of the uncertainties based on a combination of the a value approach (information about the rotational ambiguity) and the classical bootstrapping approach (information about the statistical uncertainty and random errors) 10. PMF may provide numerous solutions of similar mathematical quality; all solutions within a given dQ range (0.5 - 5% Q change, depending on the dataset) 11 , are considered to be mathematically equally acceptable. The user then needs to identify the most environmentally reasonable solutions within the allowed range and then assess and report the variation in the source profiles and contributions attributed to this range 5,11.

S2.1 PMF input preparation
2.1.1Xact 
In our study, the PMF input of elemenatal aerosols consists of a data matrix (X) and an error matrix (S) of hourly element measurements. PMF inputs were prepared by excluding some specific elements based on their detection limit for better source apportionment results.12. 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, Sn, Ba and Pb) were accepted for PMF analysis. The error matrix was directly taken from the Xact 625i software, which reports the uncertainty for every sampled data, based on spectral deconvolution uncertainty and the measurement uncertainty (Tremper et al., 2018). The PMF input consists of 4703 time points. The down weighting of variables with S/N < 2 was done by replacing the individual value with the corresponding 2/SNR value. The down weighting of individual cell values has the advantage of not affecting the data period with high SNR in a variable 6.
Positive Matrix Factorization (PMF) was applied to the elemental dataset in multiple steps 13 .Initially, the source apportionment was performed on the entire dataset (including fireworks days), considering solutions from five to twelve factors. However, the resulting factor profiles showed strong mixing, particularly due to the presence of a fireworks-related factor. The fireworks source exhibited non-negligible contributions throughout the year, and other sources such as Power plant ,and Biomass displayed unrealistic spikes during fireworks events. These spikes lacked physical meaning and were attributed to mixing effects in the PMF solution.
To mitigate this issue, a second PMF analysis was conducted using a subset of the data excluding fireworks periods (non-firework points, NFP). Fireworks days were identified based on local knowledge of known celebration day and confirmed using the time series of Ba, Sr, K, and S concentrations. The PMF analysis of the NFP dataset was explored for 5–12 factors without applying any constraints, and 50 randomly initialized runs (“seeds”) were performed for each case. Based on the interpretability of the resolved factors and the mathematical diagnostics (e.g., Q/Qexp behavior, residuals), an eight-factor solution was selected as the most representative and physically meaningful.
Subsequently, a third PMF analysis was conducted exclusively for the fireworks period (FP). In this step, the profiles of the eight sources identified in the NFP solution were tightly constrained (a = 0), while an additional unconstrained factor was introduced to capture the fireworks-related emissions, resulting in a nine-factor solution.
Finally, the PMF was rerun for the entire dataset, this time constraining both the fireworks and traffic profiles (a = 0.3) while keeping the other sources unconstrained. This analysis produced a stable and physically interpretable nine-factor solution that was selected as the final result.
Three hundred bootstrap runs were performed by resampling rows (time of measurement) for the final nine factor solution with traffic and Firework constrained factor running with random a value from 0 to 0.3, using the profiles from the base run. Pearson correlation between the timeseries of each factor from the base case and a bootstrap solution are used to sort the bootstrap factors All favourable solutions were extracted and averaged. The average a-value of the constrained. are 0.263 for fireworks and 0.24 for traffic. The uncertainties of the model are shown in Fig. S19
2.1.2 Source apportionment of organic aerosol 
Using the Q-ACSM, speciation in terms of organic compositions and inorganic ions adhered to the non-refractory fraction of PM2.5 (NR-PM2.5) were observed, which quantifies up to 200 amu mass to charge (m/z) ratio for organics 14,15. Pre-determined fragmentation library was used for the resolution of organic fractions as demonstrated by Allan et al. (2004). This work has been limited to m/z 120 amu for following reasons. 1) the signals above m/z > 120 account for a minor fraction of total signal, 2) the m/z's > 120 have larger uncertainties because of low ion TE and the large interferences of naphthalene signals on some m/z's (e.g., m/z 127, 128, and 129) The PMF input and the uncertainty matrices for ACSM species were calculated using the same method as discuss by 10,15.

This work conducted the most advanced source apportionment analysis (Rolling PMF) following a standardized protocol developed by 16.
PMF pre-test  
First, to estimate the potential sources in different seasons, unconstrained PMF was applied with different factors (from 3 to 8) runs on winter and summer season separately. The unconstrained PMF analysis was performed on the dataset for both the winter and summer seasons, exploring solutions with three to eight factors. The five-factor solution was identified as the minimum number of factors providing an interpretable and stable result. This solution resolved three primary factors—Hydrocarbon-like Organic Aerosol (HOA), Fresh Biomass Burning Organic Aerosol (BBOA-fresh), and Aged Biomass Burning Organic Aerosol (BBOA-aged)—along with two oxidized secondary factors, Low-Volatility Oxygenated Organic Aerosol (MO-OOA) and Semi-Volatility Oxygenated Organic Aerosol (LO-OOA). In contrast, the six-factor solution led to an artificial splitting of the oxidized factors, without providing additional meaningful separation. Therefore, the five-factor solution was selected as the most representative configuration and was further refined using 20 random seeds to ensure the stability and reproducibility of the results. The bootstrap resampling strategy was applied to the input data matrix Three primary factors were used to constrain in the subsequent step of the rolling PMF. Considering that the highest mass concentrations of BBOA occur in winter, the BBOA mass spectrum from the bootstrapped winter solution is used as the constraint, as it is more representative of the dataset. 
 Since this approach resulted in an immense number of single PMF solutions, it was necessary to identify and distinguish environmentally reasonable PMF solutions, by using properly selected user-defined criteria. The unconstrained factors were also identified and sorted using these criteria. The particular details of the factors are discussed further below.  The correlation of NOx and BCff (Fossil fuel factor from eBC source apportionment) with HOA factor is used as a HOA criterion since it is known as a typical tracer for traffic emissions. For the BBOA factors, the explained variation of m/z 60 was selected as a criterion, since BBOA is typically composed of anhydrous sugar fragments (e.g., levoglucosan fragments m/z 60 and 73). Moreover, the correlation of levoglucosan with BBOA was used as the second criterion for this factor. The unconstrained OOA factors were split by less oxidized oxygenated OA (SVOOA) and more oxidized oxygenated OA (LVOOA). We used f44 for the LVOOA as suggested by 17 and F43 for SVOOA.
Rolling PMF 
PMF with the rolling window approach was performed based on the seasonal pre-tests. Following the analysis of the seasonal PMF solutions (i.e., pre-test PMF), rolling PMF was carried out. The shift parameter (the number of days), the width of the window (the number of consecutive days), and the number of repetitions for each PMF window define the rolling PMF approach 18 . Here, to detect source variation, the PMF window with a length of 21 days with a 1-day shift was applied as suggested by 17. The a-values in this study were selected at random for each PMF repetition, ranging from 0 to 0.3 for HOA and BBOA., The same criteria as for the seasonal pre-tests were used for the rolling PMF too. Based on these criteria, 4025 solutions (56.37 %) of the overall 7141 single PMF runs were regarded as environmentally reasonable in the rolling PMF approach. All measured time points were modelled within the context of a rolling PMF.  The uncertainty of the model is as shown in Fig. S19.

2.1.3 Black Carbon Source Apportionment
The aethalometer model was used to apportion black carbon (BC) into biomass-burning (BCbb) and fossil-fuel combustion (BCff) contributions based on the wavelength dependence of aerosol light absorption 19,20. The model uses absorption coefficients measured at 370 and 880 nm, with absorption Ångström exponents (AAEs) of 1.8 for biomass burning and 1.0 for fossil-fuel combustion, following previous studies in the Delhi region 21,22. The source-specific BC mass concentrations were then estimated by dividing the respective absorption coefficients at 880 nm by the mass absorption cross-section (MAC). Total BC was calculated as the sum of BCbb and BCff.
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Fig. S1 Diurnal variation ofmetereological parameters in different seasons
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Fig. S2 Temporal variation Total AXA set up 
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Fig. S3  Temporal variation  of PM2.5 components in different seasons
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Fig. S4  Temporal variation OA factors in different seasons
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Fig. S5 Correlation of BBOA(Fresh) , BBOA(Aged) ,  MO-OOA , BB(Xact and BBbb(Black carbon) with Firecount
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Fig. S6 Temporal variation of elemental  factors in different seasons
































	



Fig. S7 Seasonal Correlation Heatmaps Between Tracer Species and Source Factors
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Fig. S9 Seasonal Polar Plots of waste incineration 
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Fig. S10 Seasonal Polar Plots of Industrial (Cu-rich)
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Fig. S11 Seasonal Polar Plots of Industrial (Pb-rich)
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Fig. S12 Seasonal PSCF Maps for Fresh Biomass Burning Organic Aerosol (BBOA)
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Fig. S13 Seasonal PSCF Maps for Aged Biomass Burning Organic Aerosol (BBOA)
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Fig. S14  Seasonal PSCF Maps for more aged OA (MO-OOA)
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Fig. S15 Seasonal PSCF Maps for less aged OA (LO-OOA)
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Fig. S16 PSCF Map Identifying Probable Source Regions of Power Plant Emissions Influencing Delhi
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Fig. S17 Enhanced Secondary Chloride Episodes Associated with NE Air Masses

Fig. S18 Uncertainty assessment of the OA PMF factors. The interquartile range of each time point is plotted against the median of the averaged solution. Half the slope of the linear fit describes the overall uncertainty of the factorLO-OOA
MO-OOA




Fig. S19 Uncertainty assessment of the elemental PMF factors. The interquartile range of each time point is plotted against the median of the averaged solution. Half the slope of the linear fit describes the overall uncertainty of the factor 
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Fig. S20. Seasonal multiple linear regression (MLR) of (a) BBOA-Aged and (b) BBOA-Fresh against BCbb and the Xact-derived biomass-burning (K-rich) factor. Standardized regression coefficients (β) are shown for each predictor, with positive and negative values indicating positive and inverse relationships, respectively. Significant coefficients (p < 0.05) are marked with an asterisk. Model coefficients of determination (R²) are shown for each season and for the overall dataset.
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