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Abstract. The presence of particulate matter, toxic gases and other pollutants in the air pose significant risk to human health
and the environment. Identifying the different sources of air pollution which is termed as Source Apportionment (SA), needs
to be done in real-time in order to understand the dynamics of the contributing sources and also to enable the policy makers
frame effective regulatory measures to curb air pollution. The unit deployed for implementing the SA framework at a particular
location must also be cost-effective, so that it becomes feasible to create a dense network with such units and thus cover a wide
geographical area. The use of low-cost air quality monitoring sensors have become popular in this regard. In our proposed
framework we use low-cost air quality sensor units in conjunction with machine learning models to develop a low-cost real-
time solution for SA. Multi output regression models, which are supervised machine learning models are used for this purpose.
Reference Grade Instruments are used for learning calibration models for the low-cost sensors as well as the multi output
regression models for SA. Once the calibration and multi output regression models are learnt during training, the proposed
framework allows the low-cost sensors to be deployed on the field as a standalone device, where it collects on-field data and
stores it in a remote server through a wireless network. This data can be pulled at the user end, calibrated and then fed to the
trained model to obtain the SA results in terms of the relative abundance of the different sources in ambient air. Mean Absolute
Error (MAE) has been used as the metric to measure the accuracy in predicting the relative abundance of different sources,
while Spearman’s Rank Order Correlation Coefficient (SROCC) and Normalized Discounted Cumulative Gain (NDCG) are
the metrics that have been used to get an estimate of how well the proposed approach performs in predicting the relative
abundance of the different sources in the correct order. Extensive experimentation done using data gathered from two different
environments in the city of Lucknow, India shows the robustness of the proposed approach in doing real-time SA. MAE of
less than 5% have been obtained in predicting the relative abundance of most of the organic as well as elemental sources,
while values of SROCC greater than 0.75 and NDCG greater than 0.85 obtained for all the sources shows that the proposed
framework also performs very well in predicting most of the sources in correct order of their actual contribution to air pollution.

Keywords Source Apportionment, Low-cost Sensors, Real-time, Machine Learning, Multi output regression Model.
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Abbreviations
PM: Particulate Matter
VOC: Volatile Organic Compounds
SA: Source Apportionment
RGI: Reference Grade Instrument
LCAQ: Low Cost Air Quality (sensor)
PMF: Positive Matrix Factorization
BC: Black Carbon

1 Introduction

The rising concentrations of P M and toxic gases such as carbon monoxide (C'O) and sulphur dioxide (SO,), originating from
both natural and anthropogenic activities, pose serious environmental and public health risks (Manisalidis et al., 2020). Among
these, PM and BC are of particular concern, as they can penetrate deep into the lungs and enter the bloodstream, adversely
affecting respiratory and cardiovascular health (Cohen et al., 2017). Long-term exposure to PM, VOC's and other toxic gases
makes an individual prone to lung cancer, asthma and heart disease (Sharma et al., 2013; Zhou et al., 2023). They also contribute
to ground-level ozone (O3) formation (Ying and Krishnan, 2010; Li et al., 2015; Zhang et al., 2020), which harms ecosystems
by damaging plant life. Pollutants like NOy and SO. are precursors to acid rain (Mehta, 2010), affecting biodiversity and
soil quality, while O3 is harmful to both plant and human health (Nuvolone et al., 2018; Karmakar et al., 2022), exacerbating
asthma and reducing lung function. Regulatory measures need to be adopted and implemented by policy makers in order to
curb air pollution and this needs detailed knowledge of the sources contributing to air pollution. This process of identifying the
sources of air pollution is known as Source Apportionment (SA) (Coelho et al., 2022). The implementation of SA techniques
can aid policy makers to target the most harmful emission contributors. By understanding whether traffic, industry, or biomass
burning is the primary culprit in specific regions, governments can enact measures like stricter vehicular emission standards
(Singh et al., 2023) to reduce traffic emissions, industrial restrictions by setting maximum allowable emissions for specific
pollutants or by providing incentives for the use of cleaner technologies and renewable energies (Munsif et al., 2021). Without
precise source attribution, efforts to reduce air pollution may be ineffective or misdirected. It is also advantageous to have a SA
technique which produces output in real-time. Any system or process which responds to its external stimuli within a definite
amount of time is said to be a real-time system or process (Liu et al., 2006). SA done in real-time will keep the end-users
updated about the dynamics of the various pollution sources and enable them to act quickly in case of any emergency (Yoo,
2021). Furthermore, in order to collect SA information of a large area with high spatial resolution, it is necessary to create a
dense network of devices or instruments responsible for capturing and analysing the sampled air (Ajnoti et al., 2024). This in
turn requires that the device or instrument deployed at each node of such a network be cost-effective. One of the traditional SA

modalities, defined as filter based techniques (Cohen et al., 2010; Jaiprakash et al., 2017; Jain et al., 2018; Sharma et al., 2016),
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involves collecting air samples on filters and analysing the composition of PM with techniques such as X-ray fluorescence,
ion chromatography etc. Finally, to trace the sources of PM, statistical or machine learning methods like Chemical Mass
Balance (CMB) (Watson et al., 1991), Positive Matrix Factorization (PMF) (Paatero and Tapper, 1994) or clustering (Kumar
et al., 2022) are used. Although, the method provides accurate and detailed chemical composition of PM in the sampled air,
however, such methods are very time as well as resource consuming. Thus, they are not suitable for obtaining SA results with
high spatio-temporal resolution. The use of expensive RGI like Aerosol Mass Spectrometer, metal monitoring using Xact-625i,
Environmental Beta Attenuation Mass Monitor (EBAM) and others coupled with computationally intensive receptor models
like PMF (Bhandari et al., 2020; Lakra et al., 2024; Lalchandani et al., 2021; Shukla et al., 2021) has made possible the
implementation of SA much faster as compared to the filter based techniques. However, their cost and the requirement of
skilled researchers to operate these instruments makes it infeasible for large scale deployment. Recently people have started
exploring the potential of LCAQ sensors in performing SA with high spatio-temporal resolution (Bousiotis et al., 2021, 2022;
Hagan et al., 2019; Owoade et al., 2021). LCAQ sensors have become increasingly popular for monitoring PM due to their
affordability, portability, and ease of deployment. The effectiveness of LCAQ sensors in PM monitoring has been demonstrated
through several studies (Liu et al., 2020; Pope et al., 2018; Shen et al., 2021; Kulkarni et al., 2022; Sahu et al., 2020). Feenstra
et al. (2019) demonstrated that LCAQ sensors can closely match the PM concentration obtained using a co-located RGI.
Similarly, Snyder et al. (2013) showed that LCAQ sensors could be used to estimate near-roadway PM concentrations. A
study by Steinle et al. (2015) showed that LCAQ sensors could be used in participatory sensing projects to involve citizens in
air quality monitoring and raise awareness about air pollution. However, LCAQ sensors have less measurement accuracy as
compared to RGI. Hence, they require calibration before deployment in field and machine learning techniques are generally

used for calibration of such sensors (Sahu et al., 2020, 2021).
1.1 Related Works and State of the Art

Until recently, receptor modelling techniques such as PMF and the Chemical Mass Balance (CMB) model have been the de
facto standard approaches for source apportionment studies (Reff et al., 2007; Sun et al., 2020; Hopke, 2016). Traditionally,
these techniques were applied on data captured using RGI. However, recently researchers have explored the efficacy of these
techniques on data captured using LCAQ sensors as well. Bousiotis et al. (2025) highlights the rapid evolution of source
apportionment techniques from traditional receptor-based approaches toward data-driven and hybrid machine learning frame-
works. Most recent studies employed unsupervised learning algorithms such as k-Means clustering, Principal Component
Analysis (PCA), and Non-Negative Matrix Factorization (NMF) to extract latent temporal or spatial patterns from sensor data.
These methods are particularly suitable when chemical speciation data are unavailable, which is an inherent limitation of most
low-cost sensor (LCS) networks. Studies like Hagan et al. (2019), Yang et al. (2022), and Kumar et al. (2024a) illustrate the ef-
fectiveness of NMF in decomposing mixed signals into interpretable sources, while Bousiotis et al. (2022) used two-step PMF
model for source apportionment using data obtained from LCAQ sensors. However, due to the high computational complexity
associated with these methods, researchers have resorted to the use of more sophisticated machine learning algorithms. Kumar

et al. (2022) demonstrated the potential of spectral clustering for source apportionment using P M5 5 datasets, while Bousiotis
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et al. (2021, 2023) and Dimitriou et al. (2023) demonstrate the use of k-Means to identify recurring source-like behaviours in
PM and gaseous pollutant data.

In terms of datasets, nearly all studies rely on PM measurements obtained from low-cost optical particle counters (e.g., Al-
phasense OPC-N3) combined with limited gaseous pollutant sensors (N Os, O3, C'O) and occasional black carbon (BC') mon-
itors. Co-location with RGI remains a critical step for calibration and bias correction. Some studies, such as Liang et al. (2025),
explore mobile networks of low-cost sensor units (e.g., sensors mounted on taxis) to map spatial emission patterns dynami-
cally using clustering algorithms. While ML methods significantly improve scalability and automation, they are constrained
by sensor drift, limited chemical specificity, and environmental interference, emphasizing the need for robust cross-validation
against traditional receptor models.

A few recent studies by Mills et al. (2023) and Kumar et al. (2024b), have integrated supervised machine learning tech-
niques with receptor-based approaches like Positive Matrix Factorization (PMF) and Chemical Mass Balance (CMB), thereby
enhancing both the predictive accuracy and interpretability of SA results. In particular, Kumar et al. (2024b) proposes a prac-
tical supervised ML framework capable of generating real-time SA estimates by leveraging time-series data from low-cost
particle sensors in conjunction with reference SA outputs derived from the CMB model applied to data collected from RGI.
The framework employs multi-output regression models to learn the mapping between the low-cost sensor measurements
and the ground-truth source contribution profiles obtained from RGI. Once trained, these regression models are deployed for
rapid inference on streaming sensor data, enabling near real-time source attribution. The study is strongly motivated by the
operational demand for fast and scalable SA estimates across dense networks of low-cost air-quality sensors.

Motivated by the methodology proposed by Kumar et al. (2024b), the present study seeks to develop a novel receptor-
modeling paradigm that jointly leverages data from LCAQ sensors and RGI to achieve high-accuracy SA while enabling
real-time operational capability. The proposed framework integrates pollutant gas concentrations, such as CO, NOy, SO,
and O3 along with PM> 5, VOC's, BC and environmental parameters including temperature and relative humidity for source
apportionment. In addition, the study attempts to identify emission sources based on their associated non-refractive organic
components and characteristic trace elements. Whereas most previous studies have relied exclusively on LCAQ data for train-
ing receptor models, our approach investigates the potential advantages of integrating RGI measurements into the modeling
process, with the objective of enhancing model robustness, calibration fidelity, and generalizability across diverse sensing

environments.
1.2 Summary of Contributions

This paper contributes towards the development of a machine learning based framework for doing SA in real-time using data
obtained from LCAQ sensor units. The use of the term real-time SA in the context of this paper implies that the proposed
framework can provide continuous updated information regarding the contribution or the relative abundance of the different
sources contributing to air pollution at fixed regular intervals of time. The LCAQ sensor unit houses several sensors for mea-
surement of some common gas species, PMs 5, VOC's, Temperature and Relative Humidity. RGI like Gas Analysers, EBAM,

High Resolution Time of Flight Aerosol Mass Spectrometer (HR-ToF-AMS) and instruments for monitoring the concentration
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Table 1. Make and model number of all the instruments used in this experiment.

Instruments Make/Model number
High Resolution Time of Flight Aerosol Mass Spectrometer
Aerodyne/HR-ToF-AMS 215-127
(HR-ToF-AMS)
Xact-625i SailBri Cooper/Xact-625i
Thermo-Scientific Gas Analyser/
Gas Analysers for CO,NOz, O3 Model 43¢ — SO2,
and SO2 Model 48i — CO, Model 42i — NOx,
Model 49i — O3, Model 146i — DGC'
Micro-Aethlometer AethLabs/AE-51
E-BAM MetOne/8037 Mass FOIL SET Serial C21637
Low-cost sensors for CO,NO3, O3
Alphasense/B4
and SO»
Low-cost sensors for PM2 sand VOC Sensiron/SEN54
Low-cost Temperature and Relative Humidity sensors Bosch/BME-280

of different trace elements in ambient air are used for training the machine learning models for SA and also for calibrating
the LCAQ sensor units. The proposed machine learning framework for SA is a multi output regression model (Borchani et al.,
2015). Such a learning model falls under the category of supervised machine learning (Sen et al., 2020), wherein the model is
fed with ground truth data for learning during the training phase. Once the model has been trained using the requisite amount
of data from both LCAQ sensor units as well as ground truth data from RGI, it can be deployed on the field without any further
requirement of data being fed from expensive RGI. The current work is a novel technique, which contributes to the develop-
ment of SA as a real-time task, which can be done on a hyper-local scale by using a dense network of these LCAQ sensor
units. During the testing phase, the LCAQ sensor units are deployed as standalone devices in field, which capture the on-field
data and uploads them onto a remote server. This uploaded data can be pulled at the user-end and fed to the already trained
machine learning model to compute the SA results. Extensive experimentation has been carried out to validate the robustness
of the proposed framework on two deployments with contrasting environments within Lucknow city of India during the month
of October 2023.

The rest of the paper is organized as follows. Section 2 discusses in detail the experimental set up and the deployment sites
used for these experiments. Section 3 explains in detail about the data used for these experiments along with the methodology.
Section 4 shows the comparison of the SA results predicted using the proposed machine learning framework with the ground

truth SA results obtained using RGI like HR-ToF-AMS and Xact-625i. Finally, Section 5 concludes the paper.
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Figure 1. The locations of the deployment sites: Site-B and Site-C are shown in panel (b). The district and city boundaries of Lucknow in

panel (a) and (b) respectively were taken from QGIS 3.4 Madeira.

2 Deployment Setup

Data used in our study were gathered from two deployment sites in Lucknow city: (a) Site-B: Babasaheb Bhimrao Ambedkar
University (BBAU), Lucknow (26.89° N, 80.98° ) from 13" October 2023 to 22™¢ October 2023, (b) Site-C: Central Institute
of Medicinal and Aromatic Plants (CIMAP), which is a plant research laboratory and part of the Council of Scientific and
Industrial Research (CSIR) (26.83°N,80.89° E) from 2"¢ October 2023 to 11*"* October 2023. Site-B is majorly a traffic site
located near the Amar Shaheed Path highway of Lucknow city. It has some residential and commercial areas in its vicinity. Site-
C is a research institute, also located in Lucknow and dedicated to medicinal and aromatic plants research. The surrounding
areas of the institute is majorly covered by forests with some residential and commercial areas as well. It has a nearby tourist
spot, which is the Kukrail Picnic spot. The site has lesser influence of anthropogenic activities such as industrial and traffic
emissions. Figure 1 shows the location of these two sampling sites. As can be observed from this figure, there are large and
medium scale industries located surrounding Site-C as well as Site-B. The presence of these industries can cause the pollutants

emitted by them to be transported to these sites. In order to facilitate data collection at different sites without the need to set up
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an entire new laboratory for each site, a mobile air quality monitoring platform was set up. This system consisted of a mobile
van equipped with state of the art instruments for sampling of the ambient air followed by subsequent detailed analysis of its
constituents. The most notable instruments deployed in the mobile van include the High-Resolution Time of Flight Aerosol
Mass Spectrometer (HR-ToF-AMS) which details the composition of the non-refractive organic and inorganic (sulphates,
nitrates, ammonium, chloride) aerosols present in ambient air in terms of their mass to charge ratio (DeCarlo et al., 2006),
the Xact-625i for detecting the concentration of the different trace elements (U.S. Environmental Protection Agency), Gas
Analysers for measuring concentration of gases like CO, NO3, SO,, and O3 (Oil and Gas Online), Micro-Aethlometer for
measurement of BC' concentration (South Coast Air Quality Management District (SCAQMD)), the EBAM for measurement
of total PMs 5 concentration. All these instruments provide highly accurate measurements and hence they are also termed
as Regulatory Grade Instruments or Reference Grade Instruments (RGI) in literature (Bousiotis et al., 2022). The detail of
these instruments and their working can be found in our previous works by Bhowmik et al. (2022) and Shukla et al. (2021).
Most of these instruments are very costly and hence it becomes infeasible to deploy them on a large scale to create a dense
network for measuring air quality on a hyper-local scale. Apart from these costly instruments, the mobile van also houses
LCAQ sensor units manufactured by Respirer Living Sciences (Respirer Living Sciences). Each such unit contains separate
electrochemical sensors for measuring the concentration of four pollutant gases: CO, NO, SO, and O3, optical sensors for
measuring the concentration of PM; 5 and sensors for estimating the quantity of VOC in the sampled air. These LCAQ units
are also equipped with Temperature and Relative Humidity sensors. The make and model number of all the instruments used
in this experiment are mentioned in Table 1.

Figure 2 shows the road map for the proposed framework. The entire process of developing a low-cost sensor based SA
framework can be divided into two phases: the training phase followed by the testing phase. Under the training phase, we
categorize the instruments sampling the ambient air into three groups as shown in Fig. 2. The first group consists of the LCAQ
sensor unit and a Micro-Aethalometer. The measurement accuracy of most of the sensors in the LCAQ sensor unit are low
and hence the data obtained from these sensors need calibration before they can be used for further processing. The Micro-
Aethalometer used for measuring BC' concentration is a low-cost device and has accuracy comparable to that of any RGI (Alas
et al., 2020). Hence, it comes lab calibrated. The working principle of the different sensors used in the LCAQ sensor unit and
the Micro-Aethalometer are detailed in Appendix B. The second group of instruments consists of a set of RGI like the Gas
Analysers and EBAM. The main purpose of these instruments is to measure the concentration of the gases CO, NO3z, SOq,
and O3 along with PM, 5 (Barbiere et al., 2019; Huang et al., 2007), which are then used as ground truth for learning linear
regression models to calibrate the low-cost sensors for each of these gases and P M5 5. The third set of instruments are those
which are used to perform SA directly from the sampled air with very good accuracy. These constitute the HR-ToF-AMS and
the Xact-625i. The data captured by the Xact-625i is used for performing elemental SA, while the data captured by the HR-
ToF-AMS corresponding to the non-refractive organic components is used for performing organic SA (Shukla et al., 2021).
The data matrix constructed from the time series data captured with these instruments is then split into two factors: one being
the source profile matrix and the other being the coefficient matrix with the help of Positive Matrix Factorization (PMF). PMF

is performed using Source Finder interface (SoFi version 9.4.1, Datalystica Ltd., Villigen, Switzerland) implemented with the
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Figure 2. Block diagram showing the road map of the proposed approach.

IGOR Pro 9.0.2.4 software (Wavemetrics, Inc., Portland, OR, USA) for SA analysis (Canonaco et al., 2013; Crippa et al.,
2014). The coefficient matrix contains information regarding the contribution of the different sources of pollution as a function
of time. The PMF algorithm is run separately on data captured from HR-ToF-AMS and Xact-625i for organic and elemental
190 SA respectively. The calibrated data from the low-cost sensors serve as the set of predictors, while the source apportionment
results obtained from the coefficient matrix serve as the ground truth for training machine learning models. The trained machine
learning models are expected to replicate the source apportionment results obtained using RGI by feeding on data exclusively
from low-cost sensor units. In the testing phase, the performance of these machine learning models are assessed by feeding
them with data from LCAQ sensor unit after calibration and comparing the output of these models with ground truth results

195 obtained using RGI.

3 Methodology

All experiments were conducted on a Desktop with an Intel (R) Core (TM) i7-9700 CPU @ 3.00 GHz with 32 GB RAM and
Windows 11 operating system. Python 3.9.12 was used in conjunction with Jupyter Notebook as editor for implementing all
the data processing algorithms. Standard machine-learning packages like Scikit-learn, Pandas NumPy and SciPy were used in

200 all implementations. In this section, the details of the data captured by the LCAQ sensor unit, which serve as the predictors for
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source apportionment are discussed. The data obtained after performing PMF on the HR-ToF-AMS/ Xact-625i output, which

serve as the ground truth for training the machine learning model are also discussed in this section.
3.1 Datasets

For each of the two sites: Site-B and Site-C, two separate datasets are constructed, one for organic source apportionment
and the other for elemental source apportionment. Each dataset consists of a time series of observations, where each observa-
tion has its associated time-stamp, predictor/ feature vector and target vector. The i*"* observation in a dataset can be denoted
by the tuple (T;,x;,yi), where T;,x; and y; refers to the time-stamp, feature vector and target vector respectively. Further-
more, each component in a tuple is also provided with a superscript which contains information regarding the nature of the
dataset. Thus, the tuple (TB©,xBO yBO) contains observation from Site-B for organic source apportionment (O) and tuple

CE [ CE
(T, %

, inE) contains observation from Site-C for elemental source apportionment (E) etc. In any tuple (T;,x;,y;), the
feature vector x; € R and the target vector y; € RY, where {D, L € N}, N being the set of natural numbers. The feature vector
is constructed from the data obtained from LCAQ sensor unit after calibration. The different features constituting this feature
vector are the concentration of four gases, PMs 5, VOC, Temperature (1') and Relative Humidity (RH) as measured by the
LCAQ sensor unit and BC' as measured by Micro-Aethlometer. Thus, we have a total of nine different features and hence
D = 9. The target vector y; is the relative abundance of the different organic/ elemental sources polluting the sampled air. For
organic source apportionment, five different sources have been identified using PMF, and hence 3; € R for the organic case;
whereas for elemental source apportionment, seven different sources have been identified and hence y; € R” for the elemental
case. Henceforth, we refer to the feature vector x; as LCAQ feature vector and y; vector as SA farget vector. The entire dataset
was split in an 80:20 ratio for training and testing purposes. The split was performed in a temporal manner, with the first 80%
of observations used for training and the remaining 20% reserved for testing. To prevent artificial temporal correlation between
the training and test sets (which can result from randomly mixing time-ordered observations), no shuffling was applied prior
to the split. We first discuss about the LCAQ sensor unit data in next subsection, followed by the RTSA ground truth data for

organic and elemental SA in subsequent subsection in detail.
3.2 LCAQ Sensor Unit Data

The LCAQ sensor units provide time-series data corresponding to the concentration of four gases CO, NOs, SO, and O3
along with PM5 5, VOC and meteorological parameters like 7" and RH. This data which serves as the LCAQ feature vector
(along with BC' data obtained from Micro-Aethlometer) is generated with a time resolution of 1 minute. The data samples
collected within each non-overlapping 30-minute interval are summarized by a single representative value, computed as their
median. There are two reasons for doing this. Firstly, the median, being less sensitive to outliers, reduces the influence of
measurement noise. Secondly, the RTSA ground truth data (as discussed in Section 3.3), which is used to generate the SA target
vector, is available at a 30-minute resolution. Hence, for time alignment of the LCAQ feature vectors with their associated SA

target vectors, the data generated from both these sources must be made available at the same time resolution.
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The data obtained from the gas and P M5 5 sensors (housed within the LCAQ sensor units) need to be calibrated before
they can be processed further. For each of the gas and P M5 5 sensors, separate linear regression models (Montgomery et al.,
2021) are learnt for calibration. These linear regression models are learnt using data obtained from the sensors and their
corresponding co-located RGI (Gas Analysers for gases and EBAM for PM, 5). The gas sensors (which are of Alphasense
make, model B4) give an indirect measure of actual gas concentration in the form of voltage developed at the two electrodes
viz. the working electrode (V},,1) and the reference electrode (V,,2). For the P M5 5 sensor, we obtain a single electrode output
(Vop)- Furthermore, these measurements are dependent on meteorological parameters T and ZH . The output voltage developed
at the electrodes of gas (P M 5) sensors along with 7" and RH form the feature vector for the linear regression model, while
the data from Gas Analysers (EBAM) serve as the target. Thus, the set of linear equations describing the calibration model for

the four gases and P M5 5 are as follows:

CcO | COyCO | COyCO,  CO co
ag oy Vo Fag Vo oyt T+ oy " RH = yco

NO NO27,NO NO21,NO NO NO
oy CHay PV oy PV oy T+ o PRH =yno,

opl op2
a003 + a103 Vo%f + a§3 VO(;S + a3O3T + afa RH =yo,
O OV +adOVER 0fOT O RH = s,
aé)Mzs + anstOl;Mz.s 4 Q§M2'5T—|— a§M2'5RH = YPMy s (1)
co ,NO:

where, o’ “, o ,a??’,ozfo2 and ozf Mas ;= 0,1,2.. etc. are the coefficients of linear regression model for CO, NOs,

i
O3, SO2 and P M, 5 respectively, which are to be learnt in the training phase. The dataset comprising feature vectors and
their corresponding targets, is split into training and test subsets in the ratio of 80% : 20%. Shuffling is deliberately avoided
before splitting to prevent temporal correlations between the training and test data. This ensures a fair evaluation of the model’s
generalization capability on test (unseen) data. In order to assess the performance of the linear models used in calibration, the
coefficient of determination also known as the R? score is used as the performance metric, which is defined as:

B2 2alwi—®i)? )

>i(wi —w)?

where, w; denotes the reference or target variable, w; denotes the predicted variable and w denotes the mean of reference
variable. The R? score takes a value of unity for perfect prediction i.e. when w; = 1;, Vi and this score decreases from its
maximum value of unity with degradation in prediction performance. Fig. 3 and Fig. 4 show the calibration performance of the
linear regression models for the four gases and P My 5 at Site-B and Site-C respectively. It was observed that the predicted time
series closely follows the variations in the reference time series for a majority of the pollutants at both the sites with reasonably
good R? scores. This tracking of the variations in the reference signal is better for CO, O3 and P My 5 at both the sites because
of the relatively higher concentration of these pollutants. Particularly for SOs, the R? scores are close to zero at both the sites
because the ambient concentration of SOs lies in the Below Detection Limit (~5 ppb for Alphasense/B4 sensors) (BDL) range

and hence measurements are not very reliable (Ltd., 2023).
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Figure 3. Time series plots of the concentration of various gases and P M5 5 at Site-B as obtained after calibration along with their concen-

tration as obtained from the Gas Analysers and EBAM (which serve as the reference).

The box and whisker plots of the different features in the training data are shown in Fig. 5. From this figure, it can be
observed that the ranges of the feature values vary significantly. For instance, among the four gases, the range of values of
CO concentration is much higher (median value being 0.57 ppm at Site-B and 0.45 ppm at Site-C) compared to the other
three gases, whose median values are on the order of a few tens of ppb at both sites. Similarly, the numerical values of BC'
concentration are considerably higher than those of the other features. Hence, it is necessary to scale the data so that all
features lie on a comparable scale. We adopt standardization (or Z-score scaling) as the preferred scaling method, since it
does not require prior knowledge of the maximum possible feature values (scikit-learn developers, 2025). The standardization
parameters (i.e., the mean and standard deviation) for each feature and each site are estimated from the training data and stored
for use during the testing phase.

It is always desirable to have low correlation between the different features in the data because correlated features introduce
redundancy in the data. The correlation between the different features in the training data are examined with the help of a heat
map as shown in Fig. 6. From this heat map it can be observed that none of the features except PM5 5 and BC' are consistently
correlated with each other across the two sites, which is desirable. The strong correlation between P M5 5 and BC' is expected
because BC' is a component of PMs 5, and their co-emission from combustion sources like vehicles and biomass burning
often means they are found together (Taheri et al., 2019; Choomanee et al., 2024; Tiwari et al., 2013). Furthermore, Gong
et al. (2015) demonstrated in their paper that this correlation varies across seasons and they observed it to be higher during

the autumn and summer season. However, despite this high correlation observed at these two sites, we need to use both BC'
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Figure 4. Time series plots of the concentration of various gases and PM> 5 at Site-C as obtained after calibration along with their concen-

tration as obtained from the Gas Analysers and EBAM (which serve as the reference).

as well as PMy 5 as predictors for SA because BC' is a specific indicator of primary combustion sources, whereas Secondary
Organic Aerosols (SOA) often constitute a significant fraction of P M5 s(Lalchandani et al., 2021; Shukla et al., 2021). This
happens because abundant gaseous precursors like SO2, NO,,, N Hs and VOC's are oxidized and partitioned into the particle
phase, forming sulphates, nitrates, ammonium and SOA. The relatively long atmospheric lifetimes and regional transport of
these precursors further enable the accumulation of secondary mass in the fine mode. The need to incorporate both BC' and
P M, 5 as LCAQ features is further underscored by the correlation heat map in Fig. 7, as their correlation with some organic

and elemental sources differ appreciably.
3.3 RTSA Ground Truth

The details of operation of HR-ToF-AMS and Xact-625i along with PMF-based Source Apportionment methodology are pre-
sented in Appendix A as well as in Lalchandani et al. (2021) and Shukla et al. (2021). Both organic as well as elemental
source apportionment were carried out on the combined data from the two sites discussed earlier in Section 2 i.e. Site-B and
Site-C. In organic source apportionment, the sources of organic pollutants are identified along with their contribution in pol-

luting the ambient air. Organic aerosols primarily generated from traffic, especially diesel exhaust are termed as Hydrocarbon
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like Organic Aerosol (HOA) (Zhang et al., 2005). Organic aerosols originated from both natural as well as anthropogenic

295 burning such as wood, dry leaves, cow-dung burning, stubble burning etc. are termed as Biomass Burning Organic Aerosol
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(BBOA) (Smith et al., 2009). In our work, we further sub-categorize BBOA as primary (BBOA-1) and secondary (BBOA-2)
depending on whether it is less oxidised or more oxidised respectively (Lakra et al., 2024). SA of organics also resolved
SOA like Low Volatile Oxygenated Organic Aerosol (LVOOA) and Semi Volatile Oxygenated Organic Aerosol (SVOOA).
In general LVOOA is oxygenated to a much higher degree as compared to SVOOA, and hence there is a higher chance that
organic aerosols under LVOOA may have been generated at a distant place and transported to the site under observation by the
influence of wind and other factors (Saarikoski et al., 2023).

In elemental source apportionment, the PMF resolved the sources under the following categories viz. Dust, Fireworks, Solid
Fuel Combustion (SFC), Lead-rich (Pb-rich), Sulphur-rich (S-rich), Ferrous smelting and Chlorine-rich (Cl-rich). SFC is
further categorized as SFC-I and SFC-II, where SFC-I is generated from biomass/wood burning or different kinds of waste
incineration and SFC-II is generated from electronic waste incineration of Zinc rich products. Further details about these factors
are described in Appendix A.

We are interested in learning a mapping function f : R” — R which can predict the SA target vector y; (representing the
relative abundance of the different sources) using the LCAQ feature vector x;. The different elements in the SA target vector
¥; sum to unity, since they represent the relative contribution of different organic (elemental) sources. Let g; denote the vector
constructed using the SA results obtained from PMF at the i*" time instant. The elements of 7; do not sum to unity, as the SA
results derived from PMF are not constrained to sum to one. Thus, in order to obtain y; from y;, we normalize y; by its L,

norm to obtain the normalized vector y;.

<

V= z‘ 3)

il

The task of learning a multi output mapping function f : R”? — R” is equivalent to the task of learning L separate mapping
function of the form f; : R” — R, and then combining the model outputs. Let f; denote the regression model learnt using the
training data (x;,y;[1]),¢ € {1,2,....T},1 € {1,2,....L}. During model evaluation, let z;.s; denote the test LCAQ feature vector

and 3¢ denote the final predicted SA target vector. Then g can be written as follows

gtest = [fl (xtest)v f2 (mtest) y f3 (xtest)a '''' ) fL (xtest)]
gtest
||gtest| |1

“4)

Ytest =

An Internet of Things (IoT) network is used to extract data from the LCAQ sensor units. An Application Programming
Interface (API) is set up to store the data from the LCAQ sensor units into a server. This data is pulled at the user end with
the help of the API and fed to the data processing and machine learning algorithms. The low cost sensors produce null values
at certain times during their operation, due to reasons such as loss of data over the IoT network or sensor malfunctioning. The
observations corresponding to such timestamps are discarded in the first step of the data processing stage.

The LCAQ feature vectors were time-aligned with their corresponding SA target vectors based on the recorded times-
tamps. The HR-ToF-AMS and Xact-625i instruments produced data with a 30-minute time resolution, the EBAM and Micro-
Aethalometer provided data at 5-minute intervals, and the Gas Analyzers generated data with a time resolution of 15-minutes.

As discussed in Section 3.2, the LCAQ sensor unit data, originally recorded at a 1-minute resolution, were converted to a
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Figure 7. Heatmaps depicting correlations between LCAQ features and SA targets. It is noticeable that certain attributes like PMs 5, BC
etc. are well correlated with the various organic as well as elemental sources. These latent correlations are exploited by the regression-based

receptor model to predict relative abundance of the various sources.

30-minute resolution. Since the lowest available time resolution (30 minutes) corresponds to the HR-ToF-AMS, Xact-625i,
and LCAQ sensor units, the data from the EBAM, Micro-Aethalometer, and Gas Analyzers were also converted to a 30-minute
resolution. This conversion was performed by computing the median of all samples within each 30-minute interval. After time-
alignment of the data, we had 364 observations for organic SA and 369 observations for elemental SA at Site-B. For Site-C,
we had 229 observations for organic SA and 351 observations for elemental SA.

The correlation between the different attributes of the predictor vector x2© and their corresponding target vector y2© are

shown in Fig. 7 (a) in the form of heat map, while Fig. 7 (b) shows the heat map for the same set of correlation values between
B

P! and yP!. It can be observed that there exist strong correlation between several attributes of x; and y;. The attributes
PMs 5, BC and C'O exhibit good correlation with almost all the organic as well as elemental sources and the correlations are
in particular better for organic sources as compared to the elemental ones. NO5 shows moderate correlation with both organic
and elemental sources. VOC' shows much better correlation with organic sources as compared to the elemental ones, while
O3 shows more consistent and better correlation with most of the elemental sources. These correlations between the LCAQ
features and SA targets provides the motivation to learn regression-based receptor models that translates to learning a vector
valued mapping function f : RP — R%. Such a mapping function can learn the relation between the LCAQ feature vectors and

SA target vectors.
3.4 Metrics used for evaluation

In order to make a quantitative assessment of the performance of the proposed framework, the following metrics are used:
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— Mean Absolute Error (MAE) and Standard Deviation of Absolute error (SAE): Let 4.5 [¢][{], constitute the ground truth

relative abundance in the test set and @rest[?][l],i = 1,2, ..., Ntest,{ = 1,2,...., L denote the corresponding predictions.
The variable ¢ refers to the time index of the sample under consideration, while the variable [ refers to the index of the

source. If e[i][l] denotes the absolute prediction error for the i** sample of the I*" source, then the MAE and SAE for the

1t" source are defined as follows:

elt]ll] = Ytest [}][1] — Grest[A[I]], i =1,2,..., Npest, L =1,2,...., L

Sovteet eli]|i]
MAE = =*+~=—_ -
Ntest

oA S (elill) - MAE)?
Ntest

®)

The MAE and SAE provides an estimation of the accuracy of prediction. The coefficient of determination or R? score
is another metric which can be used in this scenario to measure the quality of prediction for time series data. However,
we prefer not to use this metric because it is affected by the variance of the ground truth time series. Smaller values of
variance in the ground truth data tend to amplify even small errors in prediction. For example, if the relative abundance
of a particular source tends to remain constant with time in the ground truth data, then even a small error of say 1% in

prediction will make R? — —oo, which is a misleading assessment of the prediction error.

Spearman’s Rank Order Correlation Coefficient (SROCC') and Normalized Discounted Cumulative Gain (N DCG):
The performance of the proposed framework in terms of correctly predicting the order of relative abundance of the
various sources is very important and measured with the help of the SROCC metric (Myers et al., 2013). The SROCC
metric assigns equal importance to all the sources. However, it is more important that the the sources having the highest
relative abundance be recognized in the correct order. Ordering error can be tolerated for the sources which have very
less contribution. The NDCG score is a more appropriate metric in this context (Jarvelin and Kekéldinen, 2002), which
assigns more weightage to the sources having the highest contribution and vice versa. Hence, these two metrics are also

used for the performance evaluation of our proposed framework.

4 Results and Discussion

The performance assessment of the proposed framework is based on how closely the SA results obtained from data captured
using RGI like HR-ToF-AMS and Xact-625i can be replicated by the data obtained from LCAQ sensor units. As mentioned
earlier, the HR-ToF-AMS performs chemical speciation of the non-refractive organic and inorganic aerosols present in the
sampled air in terms of their mass to charge (or m/z) ratio. The chemical speciation of the non-refractive organic aerosols
having m/z ratio upto 300, obtained from HR-ToF-AMS is used in our experiment (DeCarlo et al., 2006). Hence, the SA
results generated by doing PMF of the time series data captured using the HR-ToF-AMS is considered quite accurate and used

as the ground truth for training our supervised machine learning algorithms. Similarly, for elemental source apportionment,
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the results obtained from PMF of the time series data captured using the Xact-625i serves as the ground truth. The Xact-625i
captures the absolute concentration of several trace elements, out of which twenty-two common elements which contaminate
the air, and are above the minimum detection limit like A/, Si, S, Cl, K, Ca, Pb etc., are used for elemental SA (Shukla et al.,
2021). The SA results generated from data captured using the HR-ToF-AMS and Xact-625i serve as the SA targets for our
proposed framework; while the pollutant gases CO, NO3, Oz, SO4 along with PMs 5, VOC, T and RH measured using
the LCAQ sensor units and BC' measured using Micro-Aethlometer serve as the LCAQ features. The problem of learning a
mapping function f : R” — R” for mapping the LCAQ feature vector x; to the SA target vector y; is equivalent to learning
L separate functions f;,] =1,2,...L from R” — R as shown in Eqn ( 4), where D = 9. The performance of the learning
algorithm in learning the individual functions f; is assessed based on two different criteria: the first criteria being how closely
the predicted relative abundance follows the reference or ground truth relative abundance for the various sources, while the
second criteria tries to evaluate whether the predicted relative abundance of the different sources are in the same order as
their corresponding ground truth values. The performance based on the first criteria can be evaluated with the help of time-
series plots, pie-charts and the MAE/ SAE metric described in Eqn 5, while information regarding efficacy of the proposed
method in preserving the correct order of relative abundance of the different sources in the predictions can be obtained from the
NDCG and SROCC metric described in Section 3. In the following, the performance of the proposed framework in predicting
the organic SA results are discussed first followed by their elemental counterpart. The SA results discussed in the following
subsections are obtained by choosing Linear regression models as individual mapping functions f;,l =1,2,...., L (Seber and
Lee, 2012). The performance of some other popular regression models like k-Nearest Neighbour Regression (Song et al.,
2017), Gradient Boosting Regression (Friedman, 2001), Ridge Regression (McDonald, 2009), Random Forest Regression
(Segal, 2004), Support vector regression (Awad et al., 2015) are presented in Appendix C. The performance of the proposed
framework is less sensitive with respect to the various regression models used for the mapping function as can be observed

from the results presented in Appendix C.
4.1 Organic source apportionment

The organic source apportionment results for Site-B are discussed first. Figure 8 shows sample pie-charts obtained using the
proposed method. Each section of Fig. 8 consists of two pie-charts, one constructed from SA target using Eqn ( 3) and the other
obtained from the corresponding predictions using Eqn ( 4). It can be observed from this figure that the ordering of the top three
sources with highest contribution is preserved in two out of the four cases, i.e. in Fig. 8 (c) and (d). In order to get a quantitative
estimate of the overall prediction performance in this case, the MAE and SAE as described in Eqn ( 5) is computed for each
of the five components and the results are tabulated in Table 2. Apart from LVOOA, the MAE corresponding to other sources
are either less than or around 5%. Since LVOOA has a mean relative abundance of 48.61%, which is much higher compared to
the source having the second largest mean relative abundance (i.e. BBOA-2 with 17.09%), thus there is less probability of the
order of the sources getting perturbed during prediction. This observation is supported by the results in Table 3, where we get

very good SROCC and NDCG scores related to organic source apportionment at Site-B.
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Figure 8. Sample pie-charts showing organic source apportionment results predicted using the proposed method at different times during the

day at Site-B.

Table 2. Component wise MAE and SAE computed for BBOA-1, BBOA-2, LVOOA, SVOOA and HOA according to Eqn ( 5) for deployment

at Site-B.
BBOA-1|BBOA-2|LVOOA |[SVOOA |HOA
MAE
in 5% 2.89 2.87 10.78 5.20 4.39
site-p ™ 7
SAE
2.63 2.25 7.96 4.93 3.83
(in %)
Mean of
reference
9.91 17.09 48.61 12.68 11.72
Fractions
(in %)

Table 3 shows quantification of the efficacy of the proposed method in predicting the relative abundance of the different

410 organic sources at Site-B in the correct order based on the mean SROCC and mean NDCG scores. The NDCG scores have
been evaluated for different values of K, where K is the number of sources under consideration. An NDCG score of 0.88 for

K =1 indicates that the proposed framework detects the source with the highest contribution with very good efficiency. The
efficiency improves for K = 2,3 and for all the sources. The SROCC score is less as compared to the NDCG scores for all the
sources, because the SROCC formulation assigns equal importance to all the sources irrespective of their relative abundance.

415 A mean SROCC value of 0.77 also indicates that the method performs quite well in predicting the relative abundance of the
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Table 3. Efficacy of the proposed method in predicting the relative abundance of the different components in the correct order for organic

source apportionment at Site-B

Mean Normalized Discounted
Cumulative Gain (NDCG)
Mean
in predicting the top K
SROCC
contributing sources
K=1|K=2|K=3|For all sources
Site-B|0.88/0.92(0.95 0.97 0.77
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Figure 9. Reference time series plots showing the relative abundance of organic sources along with their corresponding predictions obtained

using the proposed method at Site-B.

different sources in the correct order. Figure 9 shows the reference time series plots for the relative abundance of organic
sources along with their corresponding predictions obtained using the proposed method at Site-B. The predicted time series
plots for the relative abundance of all the organic sources at Site-B are in good agreement with their corresponding reference
time series plots, which shows the good performance of the proposed approach in predicting the relative abundance of the
different sources as a function of time.

Figure 10 shows sample pie-charts obtained using the proposed method at Site-C. It can be observed from these plots that

the predicted pie-charts closely match the reference pie-charts at various time during the day. Table 4 shows the MAE and
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Figure 10. Sample pie-charts showing organic source apportionment results predicted using the proposed method at different times during

the day at Site-C.

SAE computed according to Eqn ( 5). Maximum MAE and SAE of 7.41% and 6.34% respectively are obtained for LVOOA,
while these metrics are much lower for the other sources. Since LVOOA has a relative abundance which is much higher than
the other sources for a major part of the day, hence error of around 10 — 15% is not sufficient to cause an error in detecting the
source with highest contribution.

Table 5 tabulates the mean SROCC and the mean NDCG scores for K = 1,2, 3 and for all the sources. Mean NDCG score of
unity for K = 1 indicates that in this case, the source with the highest relative abundance is always predicted correctly. Mean
SROCC of 0.8 and mean NDCG scores close to unity for other values of K implies that the sources with the highest contribution
are detected correctly for most of the times. The erroneous cases arises for the sources with the lowest contribution. Figure 11
shows the reference time series plots for the relative abundance of different sources along with their corresponding predictions
obtained using the proposed method for organic source apportionment at Site-C. The predicted time series plots showing the
relative abundance of all the organic sources at Site-C are in good agreement with their corresponding reference time series
plots, which shows the good performance of the proposed approach in predicting the relative abundance of the different sources

as a function of time.
4.2 Elemental source apportionment

For elemental source apportionment, we have L = 7 sources as mentioned in Section 3. Proceeding in the same manner as
for the case of organic source apportionment in Subsection 4.1, we first discuss the results of Site-B followed by the results
of Site-C. Figure 12 shows sample pie-charts corresponding to different times during the day comparing the reference source

apportionment results with the predicted ones at Site-B. The three sources with the highest contribution have been predicted
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Table 4. Component wise MAE and SAE computed for BBOA-1, BBOA-2, LVOOA, SVOOA and HOA according to Eqn ( 5) for deployment
at Site-C.

BBOA-I1|BBOA-2|LVOOA |SVOOA |HOA
MAE
3.44 3.96 7.41 4.03 2.72
. (in %)
Site-C
SAE
242 2.61 6.34 3.22 2.37
(in %)
Mean of
reference
8.43 13.22 58.30 8.63 11.42
Fractions
(in %)

Table 5. Efficacy of the proposed method in predicting the relative abundance of the different components in the correct order for organic

source apportionment at Site-C

Mean Normalized Discounted
Cumulative Gain (NDCG)
Mean
in predicting the top K
in predicting P SROCC
contributing sources
K=1K=2 K=3 For all sources
Site-C| 1 0.99 0.98 0.99 0.8

with good accuracy in Fig. 12 (b), (¢) and (d) with a maximum error of less than 10%. Table 6 shows the MAE and SAE for
each of the sources. The three major sources as observed from Fig. 12, i.e. Dust, SFC-1 and S-rich show MAE and SAE less
than 10%, which is quite good for all practical purposes.

Table 7 shows the mean SROCC and mean NDCG scores for various values of K. Mean SROCC of 0.84 along with mean
NDCG scores larger than 0.9 for all the cases shows that the proposed method has performed well in predicting the sources in
the correct order of their relative abundance. The time series plots for the various sources are shown in Fig. 13. From the plots,
it is evident that Dust, SFC-1, and S-rich are the dominant contributing sources, and the predicted time-series closely replicate
both the temporal variations and the mean level observed in the reference data for all these three sources.

Figure 14 shows reference and predicted pie-charts for elemental source apportionment at Site-C. It can be observed that
the top three contributing sources are the same in all the four cases and the order of each these three sources in terms of relative
abundance are also the same in the reference and predicted pie-charts. The observations in these pie-charts are a testament to
the results tabulated in Table 9. A value of 0.87 for SROCC and NDCG values close to unity for K = 1,2,3 shows that the

proposed method has very accurately predicted the different elemental sources in the correct order of their relative abundance
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Figure 11. Reference time series plots showing the relative abundance of organic sources along with their corresponding predictions obtained

using the proposed method at Site-C.
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Figure 12. Sample pie-charts showing elemental source apportionment results predicted using the proposed method at different times during

the day at Site-B.
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Table 6. Component wise MAE and SAE computed for Dust, SFC-1, SFC-2, Pb-rich, S-rich, Ferrous Smelting and Cl-rich according to Eqn
(5) for deployment at Site-B.

Ferrous
Dust |SFC-I1|SFC-II|Pb-rich |S-rich Cl-rich
Smelting
MAE
491 [6.86 |[2.48 2.12 8.54 |1.67 2.62
. (in %)
Site-B
SAE
478 [5.04 |(2.00 1.65 5.70 |1.53 1.91
(in %)
Mean of
reference
26.44|23.75 |3.84 1.70 35.17 |5.00 4.10
Fractions
(in %)

Table 7. Efficacy of the proposed method in predicting the relative abundance of the different components in the correct order for elemental

source apportionment at Site-B

Mean Normalized Discounted
Cumulative Gain (NDCG)
Mean
in predicting the top K
P & fhe top SROCC
contributing sources
K=1|K=2|K=3|For all sources
Site-B|0.910.94 {0.97 0.97 0.84

at Site-C. Table 8 shows the MAE and SAE obtained at Site-C. A maximum MAE of 6.67% is also a testament to the
good performance of the proposed method for elemental source apportionment at Site-C. Figure 15 shows the corresponding
reference and predicted time series plots for each of the elemental sources at Site-C. Similar to Site-B, Dust, SFC-1 and S-rich
turn out to be the highest contributing sources for most of the time at Site-C too and the temporal variations as well as the
mean level in the reference time-series plots are well replicated by the predicted ones for all these three sources.

In linear regression, we attempt to approximate the target value as a linear combination of the predictors. The coefficients
in this linear combination are estimated during the training phase by minimizing an objective function such as squared error
loss or Huber loss. The magnitude of the coefficient obtained for a particular predictor in predicting the relative abundance
of a source is an indicator of the weight assigned to it for the prediction. In our case, since we are using the same set of
predictors for predicting all the sources, hence sources which have a higher contribution or higher relative abundance will
result in coefficients which have higher magnitude. Our objective is to understand the relative contribution of each predictor

in predicting a particular source. In order to achieve this objective, we normalize the coefficient magnitude corresponding to
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Figure 13. Reference time series plots showing the relative abundance of elemental sources along with their corresponding predictions

obtained using the proposed method at Site-B.

Table 8. Component wise MAE and SAE computed for Dust, SFC-1, SFC-2, Pb-rich, S-rich, Ferrous Smelting and Cl-rich according to Eqn

(5) for deployment at Site-C.

Ferrous
Dust |SFC-I|SFC-II |Pb-rich|S-rich Cl-rich
Smelting
MAE
in 0% 448 (6.67 |[1.25 1.01 6.49 2.41
in
site-c ™ 7
SAE
342 |4.98 |0.69 1.01 5.19 1.90
(in %)
Mean of
reference
26.38|13.70 |1.54 2.10 52.3 1.30
Fractions
(in %)

each predictor with respect to the sum of the coefficient magnitudes of all the predictors for that particular source. Figure 16

shows the plot of the magnitude of normalized coefficients obtained after learning the linear regression model as the mapping
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Figure 14. Sample pie-charts showing elemental source apportionment results predicted using the proposed method at different times during

the day at Site-C.

Table 9. Efficacy of the proposed method in predicting the relative abundance of the different components in the correct order for elemental

source apportionment at Site-C

Mean Normalized Discounted
Cumulative Gain (NDCG)
Mean
in predicting the top K
n predicting Fhe fop SROCC
contributing sources
K=1|K=2|K=3|For all sources
Site-C| 1 |0.99(0.99 0.99 0.87

function for the various organic as well as elemental sources at Site-B and Site-C. In the case of organic SA, it can be observed
that the coefficients show relatively higher magnitudes for CO, PM, 5, BC, T and RH for almost all the sources. The high
latent correlation between C'O, PMs 5 and BC with most of the organic sources as observed from Fig. 7 could serve as the
possible reason for the higher magnitude of the corresponding coefficients. The operation of the different sensors in the LCAQ
sensor units are sensitive to 7" and RH and hence the coefficients related to these predictors also have higher value. In the case
of elemental SA also, PM> 5 and BC' were found to be the predictors which had higher correlation with most of the sources
as observed from Fig. 7. Among the various elemental sources, S-rich was observed as the most significant contributor from
Fig. 12 and Fig. 14. The coefficients associated with PMs 5, BC, SO2, T and RH were found to be the most significant ones
in terms of their magnitudes in predicting S-rich sources. It can be observed from Fig. 16 (c) and (d) that, the magnitudes of the

normalized coefficients are more uniformly distributed in the elemental case as compared to the organic case. It is expected,
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Figure 15. Time series plots showing the reference relative abundance of the elemental sources along with their corresponding predictions

obtained using the proposed method at Site-C.

since in the case of elemental SA the different sources are correlated to any predictor to a much lesser extent as compared to
the organic SA case. Hence, the linear regression model in the case of elemental SA cannot give too much importance to one

or a small group of predictors leaving out the rest.
4.3 Discussion

As observed from Subsection 4.1 and 4.2, the SA results predicted by the proposed machine learning based framework show
close resemblance to that obtained from data captured using RGI like HR-ToF-AMS and Xact-625i. In case of organic SA, all
sources except LVOOA show MAE and SAE less than or around 5% for both the sites. As mentioned in Section 3, LVOOA
is a source which is oxygenated to a higher degree as compared to SVOOA and others and hence there is a higher chance
that the point of origin of such sources is at a large distance from the site under observation(Lakra et al., 2024; Tobler et al.,
2020). It was observed from Table 4 that LVOOA has the highest mean relative abundance of 58.30% at Site-C. Since Site-C
is a background site and there are a number of large and small scale industries (of steel, cement etc.) at a distance of few
kilometres, these industries seem to be the major source of air pollution in the area surrounding Site-C. Even though Site-B
also has small and large scale industries surrounding it, the mean relative abundance of LVOOA at Site-B is less as compared

to Site-C, because it is a traffic related site and hence the contribution of other sources also becomes significant. Since, the

26



495

500

505

https://doi.org/10.5194/egusphere-2025-5677
Preprint. Discussion started: 9 December 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

a) Site rganic e rganic
SiteB (O A - b) SiteC (O SA -
0.4 [-#—BBOA-1 | 0.35 —8-BBOA-1 Jd
—B-BBOA-2 : —B-BBOA-2 /
LVOOA / 0.3 LVOOA |
—8-SV00A . : —B-S/00A \ /
03 0251 —#-HOA

o
N
B

\ |/
\ /AN [/
\ /AN

;e Av’%

| /i

\ A

o
[
a

NS

o
[

ST

I3
[

Linear Regression

coefficients magnitude
N

Linear Regression

coefficients magnitude

0.05
© 1 05 P E e O U © ©O1 05 P e g g L
Predictors Predictors
(c) Site-B (Elemental SA) (d) Site-C (Elemental SA)
04 ——Dust —&—Dust .
o |-m-sc1 © 035 —B-SFC-1
kel SFC-2 # © SFC-2 //
5 2 0.3|—8—Pb-rich s 2 03 —8—Pb-rich
c ——Srich c ——Srich o
g F:;mehing g0.25 Fer-I;mdting T/
= E —&—Cl-rich Z = E 02 —8—Cl-rich \ / //
geoe / ge A | / N7/
5 / \\‘ T Bois \ /A
B2 \ B2 )\ /N JA
cFol S 01
= = > 1 .
-3 l%: 7 \ ~ S 005 £ A
- Il - -
7_/\ | ' w - AN, \./
© O2 05 Par @ e O 1 © ©O2 05 P € o o

Predictors Predictors

Figure 16. Magnitude of the coefficients obtained for the various predictors after linear regression for the different organic and elemental

sources at Site-B and Site-C.

relative abundance of LVOOA dominates that of other sources by a large margin in case of Site-C, hence the NDCG score
for K =1 is unity in this case. However, the same metric has a value of 0.88 for Site-B, since the dominance of LVOOA as
the source with the highest relative abundance is less. In the case of elemental SA, it turns out that the sources S-rich, Dust
and SFC-1 have the highest relative contribution. Here also the dominance of S-rich source can be attributed to the presence
of industries manufacturing steel, cement etc. at a few kilometres distance from both the sites (Nidheesh and Kumar, 2019).
Apart from the NDCG scores, the SROCC scores are also higher for both the sites as compared to their organic counterpart.
This implies that in most of the cases the sources are predicted in the correct order of their relative abundance. In order for
the policy makers to enact regulatory measures to curb air pollution, it is very important that they have the knowledge about
the dynamics of the main contributing sources. The results presented in this section clearly demonstrate the efficacy of the
proposed framework in identifying the main sources contributing to air pollution with good precision at a particular location

and as a function of time.

5 Conclusion

In this paper, a machine learning based framework for real-time SA is proposed. The proposed framework is based on using

multi output regression models on data obtained from LCAQ sensor units to predict the relative abundance of the different
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organic as well as elemental sources of air pollution. RGI like the HR-ToF-AMS and Xact-625i are used for training the multi
output regression models for SA. Other RGI like Gas Analysers and EBAM were used for calibrating the LCAQ sensor data.
The set up for the experiments consisted of the entire group of RGI and LCAQ sensor units mounted on a mobile van, so that
the same set of experiments can be conducted at any location over a wide geographical area (such as a district) and at any time
of the year without the need to dismantle and reassemble the set up time and again. The current work reports the performance
of the proposed machine learning framework on two sites, one of which is a background site, while the other is a traffic
related site. Different multi output regression models were used to assess the performance of the proposed framework. The
performance of most of these models were close to each other with linear regression models providing the best performance
in most of the cases. The performance assessment was done based on mainly two sets of metrics: the first set of metrics which
include the MAE and SAE evaluate the accuracy of the predicted relative abundances with respect to the reference ones; while
the second set of metrics which include the NDCG and SROCC scores provide a quantification of the ability of the proposed
framework to predict the different sources in the correct order of their relative abundance. Very good MAE and SAE values of
less than 5% have been obtained for most of the sources; while mean NDCG scores greater than 0.9 and mean SROCC greater
than 0.75 have been obtained for both organic as well as elemental source apportionment at both the sites. In the current set
of experiments, separate machine learning models have been learnt for the two sites. In the future, it is planned to develop

transferable machine learning models, so that the same model is generalized across different locations as well as times.
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Appendix A: Details of PMF-based RTSA using RGI Data

In this section we will discuss about the SA results using real-time measured data from RGI like HR-ToF-AMS and Xact-625i.
As mentioned in Section 4 in the main paper, the HR-ToF-AMS measures the m/z spectra of the non-refractive organic and
inorganic components present in the sampled air, while the Xact-6251 measures the concentration of trace elements present
in sampled air. The time series data obtained from each of these two instruments is then separately fed into PMF algorithm,
which expresses the time series matrix as a product of two separate matrices: one matrix contains the profile of the different
sources, while the other matrix contains the strength or concentration of the different sources as a function of time. PMF is a
bilinear unmixing receptor model with non-negative constraints, widely employed for SA of ambient measurements (Paatero
and Tapper, 1994). More details can be found in Lakra et al. (2024), Lalchandani et al. (2021), and Shukla et al. (2021). The
output of the PMF algorithm in the context of our experiment is presented below both for the organic as well as elemental case.
It is to be noted that in the context of the discussion in the next two subsections, the term factor is used to represent a "source",

since it is the standard followed in PMF literature.
Al Organic SA

The PMF model was applied on the Unit Mass Resolution (UMR) data obtained as output from the SQUIRREL (SeQUential
Igor data RetRiEvaL, version 1.66B) v1.61 in Igor Pro 9.0.2.4 (Wave-metrics, Portland, USA) (Lakra et al., 2024). The 30 min
average data of the two sites obtained form the SQUIRREL with m/z values in the range 1 — 300 was used as input to the PMF.
The 3— 8 factor solution was tested based on the () / Q. ratio and scaled residuals. Based on this identification of clear factors
was done. The final selected model consisted of five organic factors, with three secondary aerosol factors and two primary
aerosol factors. The secondary organic aerosol factors, also known as Oxygenated Organic Aerosols (OOAs) include highly
oxygenated factors known as Low Volatile OOA (LVOOA), freshly oxidized factor known as Semi Volatile OOA (SVOOA)
and highly oxidized Biomass Burning Organic Aerosol (BBOA-2). Among the primary factors are Hydrocarbon like Organic
Aerosols (HOA) related to the traffic and less oxidized Biomass Burning Organic Aerosol (BBOA-1). The m/z spectra of these
different factors are shown in Fig. A1, while the time series plots of the different factors for both the sites are shown in Fig. A2.
The m/z spectra of LVOOA is characterized by a sharp peak at m/z = 44 and negligible content beyond m/z = 44 (Ng et al.,
2010). m/z = 44 represents the aged species in factor. The SVOOA is characterized by peaks at m/z = 44, 53, 67, 81 and
109 along with the aromatic fragments at m/z = 63. BBOA is characterized by the presence of signals at the m/z44, 60 and
73 which are identified as fragments from the anhydrous sugar present in the biomass smoke (Zhu et al., 2018). BBOA is
further categorized as BBOA-1 which is less oxidized and BBOA-2 which is more oxidized. The HOA factor is characterized
by the presence of the alkyl fragment signature with predominated signals at m/z = 55 and m/z = 57 with the absence of
m/z = 60 (Ulbrich et al., 2009). SA carried out for the two sites results in the sources such as traffic (HOA), biomass burning
(BBOA) and two secondary organic aerosol factors (LVOOA and SVOOA). Their diurnal variation reveals that the secondary
aerosols such as LVOOA and SVOOA are higher during the daytime due to dominant photochemical processes and at night the

primary sources such as HOA and BBOA-1 are dominating (Kumar et al., 2016). The comparison between the two sites show
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Figure Al. m/z spectra for the different organic factors over Site-B and Site-C during the measurement period.

that secondary organic aerosol factors concentration over Site-C is higher as compared to Site-B as Site-C is away from the
anthropogenic activities of the city, where there are chances that particles from long-range transport are measured in this site
which are changed to secondary form due to various meteorological factors and presence of other radicals in air (Lakra et al.,
2024). However, the primary sources contribution is dominant at the site B due to near proximity to the local anthropogenic

activities such as industrial and traffic.
A2 Elemental SA

Combined input data matrix obtained from Site-B and Site-C of the measured elements with 30-minute time resolution was
prepared. Elements were first filtered based on the percentage of data points below their Minimum Detection Limit (MDL)
(Cooper Environmental Services). PMF was applied to this elemental dataset, and a range of 3 — 10 factor solutions were
tested. A seven-factor solution was selected based on the @/ Q. ratio and scaled residuals, which resulted in identification of
clear source factors: Dust, SFC-I, Pb-Rich, S-Rich, Ferrous Smelting, Cl-Rich, and SFC-II. Among these, more than 50% was
contributed by S-rich, Dust and SFC-1 factors, whereas Cl-rich, Ferrous Smelting, Pb-rich, and SFC-2 have lower contribution
at both sites. The profile of these different factors are shown in Fig. A3, while the time series plots of the different factors for

both the sites are shown in Fig. A4.
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Figure A2. Time series plots for the different factors of organic aerosol obtained after PMF over Site-B and Site-C.

— Dust Factor: The relative contributions of elements to this factor are as follows: Silicon (Si) (80%), K (28%), Calcium
(Ca) (83%), Titanium (Ti) (50%), Vanadium (V) (45%), Iron (Fe) (45%), Nickel (Ni) (35%), Rb (20%) and Sb (15%).
However, the factor’s mass is mainly dominated by Si (43%), Ca (25%), and Fe (20%). Si, Ca, and Ti are commonly
used as tracers for dust-related sources (Pant et al., 2015; Rai et al., 2020a). The dust factor accounts for approximately

25% of contributions at both sites.

— SFC-I Factor: The total mass fraction of this factor is dominated by Potassium (K) at 65%, with additional contributions
from As, Se, and Rubidium (Rb), which are widely recognized as markers for biomass burning (Rai et al., 2020b, a).
Other potential sources of K, As, and Se include coal and wood combustion. The SFC-1 factor has a higher contribution

at Site-B as compared to Site-C.

— SFC-II Factor: The relative percentage contribution and total mass fraction of this factor is dominated by Zinc (Zn)
(80%). Zn is the tracer for coal combustion and can also be emitted from traffic related, and waste incineration (Pant

et al., 2015). It has lowest contribution at both sites due to restriction in waste burning in the surrounding location.

— Pb-Rich Factor: This factor is predominantly characterized by Pb (80%), commonly used as a tracer for coal combustion

and steel production (Li et al., 2012). Contributions made4 by this factor at both the sites were similar.
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Figure A3. Factor profile for the different elemental sources obtained after PMF over Site-B and Site-C.

— S-Rich Factor: The elements which dominate the relative mass contribution in this factor are Sulphur (S) (80%), Se-
lenium (Se) (60%), Antimony (Sb) (50%) and Bromine (Br) (25%). The total mass fraction of the factor is primarily
585 driven by S. Elements such as S, Arsenic (As), Se and Sb are well-established markers for coal combustion (Rai et al.,

2020b). This factor contributes the highest to the total elemental mass at both sites.

— Ferrous Smelting Factor: This factor is primarily dominated by Fe (40%) with relative contributions from Manganese
(Mn), Chromium (Cr) and Nickel (Ni) which has the likelihood of originating from industrial sources or non-exhaust

traffic emissions, such as brake or tire wear. Its overall contribution was minimal at both sites.

590 — CI-Rich Factor: This factor exhibits the highest mass contribution of chloride (85%) with additional contributions
from Bromine (Br) and copper (Cu) (approximately 20%). The CI-Rich factor shows a higher contribution at Site-B

compared to Site-C. This difference may be attributed to the lower metal concentrations at Site-C, which is a background
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Figure A4. Time series plots for the different elemental factors over Site-B and Site-C during the measurement period.

site, whereas Site-B experiences nearby biomass burning or garbage burning which likely releases CI and Cu into the
atmosphere (Gani et al., 2019; Shukla et al., 2021).
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Appendix B: Low-cost sensors

In this section, we discuss in brief about the working principle of the gas, PM and VOC sensors installed in the LCAQ sensor

unit as well as the Micro-Aethalometer.
B1 Electrochemical sensors for measurement of Pollutant Gases

The sensors used for the measurement of gaseous pollutants such as carbon monoxide (C'O), nitrogen dioxide (/N O3), sulphur
dioxide (S0O,), and ozone (Os3) in this experiment are electrochemical sensors of Alphasense make with model number B4.
Electrochemical sensors are advanced instruments designed for detecting specific gaseous pollutants such as carbon monoxide
(CO), nitrogen dioxide (NOs), sulphur dioxide (SO-), and ozone (O3). These sensors operate based on the principle of
electrochemical reactions occurring at the electrodes within the sensor. Each sensor consists of a working electrode, an auxiliary
electrode, a reference electrode, and an electrolyte. When the target gas diffuses through a selective, permeable membrane, it
reacts electrochemically at the working electrode, generating an electrical current. The magnitude of this current is directly
proportional to the concentration of the target gas.

To ensure stability and accuracy, the reference electrode maintains a constant potential, while the auxiliary electrode com-
pensates for potential cross-sensitivities from interfering gases. The sensors are highly sensitive, capable of detecting gases at
very low concentrations (parts per billion), and are designed to be compact, energy-efficient, and easily integrable into portable
or stationary air quality monitoring systems. They are widely used in applications ranging from industrial emission monitoring

to personal exposure assessment and urban air quality studies.
B2 Low-cost sensors for PM5 5 and V OC measurement

For measurement of PM5 5 and VOC, a sensor model of make Sensirion with model number SEN54 is used. This sensor
module is a highly integrated device designed for measuring PMs 5, VOC, and environmental parameters like humidity and
temperature. For PM measurement, the SEN54 uses a laser-based light scattering technique. Inside the sensor, a laser beam
illuminates airborne particles as they pass through a detection chamber. A photodetector captures the scattered light, and the
intensity and angle of the scattering are analyzed to determine the size and concentration of particles in the air. This method
provides high accuracy and resolution for detecting fine particles such as PM, 5.

For VOC measurement, the sensor employs a metal-oxide semiconductor (MOX) gas sensor. The surface of the MOX sensor
interacts with VOC molecules, altering the conductivity of the material in a way proportional to the VOC concentration. The
SEN54 also includes advanced signal processing algorithms to translate raw data into reliable and calibrated outputs for VOC
levels. Additionally, the sensor integrates temperature and humidity sensing elements to provide environmental context for
PMs 5 and VOC data, improving the accuracy of measurements under varying conditions.

The SEN54 is compact, robust, and energy-efficient and is ideal for indoor and outdoor air quality monitoring applications,

providing comprehensive insights into particulate and gas-phase pollution in real time.
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B3 Micro Aethalometer

Apart from the gas, PM and VOC sensors installed in the LCAQ sensor unit, the data captured using a Micro-Aethalometer
is also used for predicting the different sources. The Micro-Aethalometer is a compact, portable device designed for real-time
monitoring of black carbon (BC) concentrations in the air. It is widely used in environmental and occupational health studies
to assess air quality and exposure to fine P M, particularly those originating from combustion sources like vehicle emissions

and biomass burning. The working principle of the Micro-Aethalometer can be categorized under four sections as:

— Air Sampling: Ambient air is drawn through the device by an internal pump, and PM is collected on a quartz filter

tape.

— Optical Analysis: A light-emitting diode (LED) generates a steady beam of near-infrared light that passes through the
filter. Black carbon, being highly absorptive in this wavelength, reduces the intensity of the transmitted light.

— Signal Processing: The reduction in light intensity (attenuation) is measured by a photodetector. The attenuation signal

is proportional to the BC concentration on the filter, allowing for continuous monitoring.

— Data Output: The signal is processed to compute the equivalent black carbon concentration in micrograms per cubic
meter (pg/m?). The data is logged internally and can be transmitted to external systems via USB or wireless communi-

cation.

For our experiments, we have used Micro-Aethalometer manufactured by AethLabs with model number AE-51. The AE-51
operates based on the principle of optical absorption. It uses a small pump to draw an air sample through a quartz filter tape,
where airborne P M is deposited. A light beam, typically in the near-infrared (880 nm), is directed through the filter, and the
device measures the attenuation of light caused by the black carbon particles. The attenuation is then converted into a BC
concentration using calibration factors derived from laboratory and field studies.

The device is equipped with a sensitive photodetector and an internal pump to ensure a consistent sample flow rate, usually
around 50-150 ml/min. It also features real-time data logging with high temporal resolution, which makes it suitable for
both stationary and mobile measurements. Data can be exported for further analysis, enabling detailed spatial and temporal
assessments of BC levels.

The Micro-Aethalometer AE-51 is lightweight and battery-operated, making it ideal for personal exposure studies, indoor air
quality monitoring, and on-road measurements of vehicular emissions. Its compact design ensures portability while maintaining

sensitivity and accuracy for black carbon detection in diverse environments.
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Appendix C: Additional Results

In this appendix we tabulate the results obtained using multi output regression models with some of the most popular indi-
vidual mapping functions apart from Linear Regression (LR), which has already been presented in Section 4. The following

regression models have been used as individual mapping functions:

— K-Nearest Neighbours Regressor (K-NN): The hyper-parameters used in this case include K =5 as the number of
nearest neighbours considered. Uniform weights are used for each of the K nearest neighbour and the distance parameter

used is Minkowski distance with power parameter p = 2.

— Gradient Boosting Regressor (GB): The principal hyper-parameters used in this case include choosing a learning rate
of 0.1, with the number of estimators equal to 100. Squared error as the loss function, while Friedman-mean square error

was used as the function to measure the quality of a split.

— Ridge Regressor (RR): The hyper-parameter o responsible for controlling the regularization strength is set equal to

unity.

— Random Forest Regressor (RF): In this case, the number of estimators or the number of trees in the forest is set equal

to 100 and the function used to measure the quality of a split is set as the squared error loss function.

— Support Vector Regressor (SV): In this case an rbf kernel is chosen for implementing the Support Vector regressor.
The smoothing parameter gamma for the rbf kernel is set to be adaptively chosen based on the nature of predictor matrix.

It is equal to the reciprocal of the product of the dimension of the predictor and the variance of the predictor matrix.

The hyper-parameters mentioned above have been selected on a trial and error basis. It has been observed that the results
are not sensitive to change in the hyper-parameters over a large region in the hyper-parameter space. Outside this region,
the performance of the algorithm deteriorates further. The organic source apportionment results followed by their elemental

counterpart are discussed next for Site-B and Site-C.
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Table C1. Component wise MAE and SAE computed for BBOA-1, BBOA-2, LVOOA, SVOOA and HOA according to Eqn ( 5) for deploy-

ment at Site-B for different regression models discussed above.

BBOA-1|BBOA-2|LVOOA |SVOOA [HOA
MAE
2.84 3.38 9.85 491 3.34
K-NN| (in %)
SAE
2.51 3.13 9.73 5.40 3.79
(in %)
MAE
. 3.06 3.76 11.05 4.92 3.92
SiteeB | GB | (in%)
(Organic SA) SAE
2.78 3.58 11.34 5.55 4.96
(in %)
MAE
2.85 2.79 10.47 5.02 |4.23
RR (in %)
SAE
2.50 2.19 7.62 4.73 3.67
(in %)
MAE
2.46 3.94 10.84 4.84 3.35
RF | (in %)
SAE
2.41 2.94 9.72 5.01 4.05
(in %)
MAE
3.57 4.68 14.51 7.15 5.81
SV | (in %)
SAE
1.74 3.60 11.83 4.93 4.41
(in %)
MAE
2.89 2.87 10.78 520 |4.39
LR | (in %)
SAE
2.63 2.25 7.96 4.93 3.83
(in %)
Mean of Actual
991 17.09 48.61 12.68 [11.72
Fractions (in %)
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Table C2. Efficacy of the proposed method in predicting the relative abundance of the different components in the correct order for organic

source apportionment at Site-B for different regression models discussed above.

Mean Normalized Discounted

Cumulative Gain (NDCG) M
in predicting the top K SR(C:ZIC
contributing sources
K=1 ‘ K=2 ‘ K=3 ‘ For all sources
K-NN|091]0.94[0.95] 0.8 0.81
| | 6B |090[093[094| 097 | 076 |
Site-B

\(OrganicSA)\ RR [0.88/0.92[095| 097 | 078 |
| | RF [087]091[094] 096 | 079 |
‘ ‘ sV ‘0.88‘0.92‘0.93‘ 0.96 ‘ 0.57 ‘
| | LR |oss[092]09s| 097 | 077 |
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Table C3. Component wise MAE and SAE computed for BBOA-1, BBOA-2, LVOOA, SVOOA and HOA according to Eqn ( 5) for deploy-

ment at Site-C for different regression models discussed above.

BBOA-1|BBOA-2 | LVOOA [SVOOA |HOA
MAE
3.59 3.57 9.71 4.57 3.97
K-NN| (in %)
SAE
2.75 2.83 8.37 4.28 3.56
(in %)
MAE
. 3.55 3.09 7.25 3.87 | 4.21
Site-c | OB | (in%)
(Organic SA) SAE
291 2.16 5.47 3.23 3.37
(in %)
MAE
3.34 3.79 7.17 3.99 |250
RR (in %)
SAE
2.44 2.61 5.70 3.05 2.00
(in %)
MAE
3.74 3.43 7.49 3.34 | 4.99
RF | (in %)
SAE
2.94 2.28 5.98 3.34 3.68
(in %)
MAE
3.65 3.82 11.00 5.17 7.07
SV | (in %)
SAE
3.22 2.44 7.28 2.85 2.68
(in %)
MAE
3.44 3.96 7.41 4.03 2.72
LR | (in %)
SAE
242 2.61 6.34 3.22 2.37
(in %)
Mean of Actual
8.43 13.22 58.30 8.63 (1142
Fractions (in %)
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Table C4. Efficacy of the proposed method in predicting the relative abundance of the different components in the correct order for organic

source apportionment at Site-C for different regression models discussed above.

Mean Normalized Discounted
Cumulative Gain (NDCG) M
in predicting the top K can
SROCC
contributing sources
K=1 ‘ K=2 ‘ K=3 ‘ For all sources
KNN| 1 [099/0.97] 099 0.78
| 6B | 1 [099)o97| 099 | 077 |
Site-C
\(OrganicSA)\ RR | 1 [099]098] 099 | o081 |
| | RF | 1 [099)097] 099 | 078 |
sV \ | ‘0.95‘0.97‘ 0.99 ‘ 0.67 ‘
| | LR | 1 [099]oos| 099 | o8 |
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Table CS. Component wise MAE and SAE computed for Dust, SFC-1, SFC-2, Pb-rich, S-rich, Ferrous Smelting and Cl-rich according to

Eqn ( 5) for deployment at Site-B for different regression models discussed above.

Ferrous
Dust |SFC-I|SFC-II | Pb-rich | S-rich Cl-rich
Smelting
MAE
536 | 7.34 | 1.29 2.34 | 8.10 1.19 1.76
K-NN| (in %)
SAE
462 | 592 1.86 2.61 4.34 1.29 1.67
(in %)
MAE
) 5.12 | 7.71 | 3.50 291 | 6.94 1.25 2.02
Site-B GB | (in%)
(Elemental SA) SAE
4.14 | 6.36 | 4.19 3.58 4.26 1.43 1.96
(in %)
MAE
4.86 | 6.89 | 2.38 2.04 | 8.65 1.65 2.60
RR | (in %)
SAE
474 | 5.07 191 1.59 5.38 1.53 1.87
(in %)
MAE
477 | 7.51 | 293 273 | 7.13 1.15 2.01
RF | (in %)
SAE
327 | 6.74 | 2.76 2.78 3.82 1.52 2.35
(in %)
MAE
7.69 | 8.80 | 5.04 6.45 | 7.90 3.59 5.14
SV [(in %)
SAE
4.80 | 6.62 1.20 0.55 6.30 1.06 1.59
(in %)
MAE
491 | 6.86 | 2.48 2.12 | 8.54 1.67 2.62
LR |(in %)
SAE
478 | 5.04 | 2.00 1.65 | 5.70 1.53 1.91
(in %)
Mean of Actual
26.44123.75 | 3.84 1.70 |35.17| 5.00 4.10
Fractions (in %)
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Table Cé. Efficacy of the proposed method in predicting the relative abundance of the different components in the correct order for elemental

source apportionment at Site-B for different regression models discussed above.

Mean Normalized Discounted
Cumulative Gain (NDCG) M
in predicting the top K ean
SROCC
contributing sources
K=1 ‘ K=2 ‘ K=3 ‘ For all sources
K-NN|0.89]0.93[0.97| 0,97 0.84
| | 6B |ooi]oorfoos| 097 | 08 |
Site-B
\(ElementalSA)\ RR [091]094[097| 097 | 084 |
RF [091]0.93096] 097 | 0s2 |
\ \ SV ‘0.91‘0.95‘0.98‘ 0.98 ‘ 0.88 ‘
| | LR [091]094]097| 097 | 084 |
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Table C7. Component wise MAE and SAE computed for Dust, SFC-1, SFC-2, Pb-rich, S-rich, Ferrous Smelting and Cl-rich according to

Eqn ( 5) for deployment at Site-C for different regression models discussed above.

Ferrous
Dust |SFC-I|SFC-II | Pb-rich | S-rich Cl-rich
Smelting
MAE
3.84 | 6.14 | 0.61 0.78 | 8.84 0.68 0.65
K-NN| (in %)
SAE
250 | 3.78 | 0.64 0.99 | 6.19 0.66 0.56
(in %)
MAE
) 349 | 5.14 | 0.77 0.96 | 7.99 0.60 0.63
site-c | OB | (n%)
(Elemental SA) SAE
2.46 | 3.60 | 0.90 1.05 5.55 0.67 0.59
(in %)
MAE
3,53 | 5.05 | 0.77 0.96 | 7.93 0.57 0.62
RR | (in %)
SAE
239 | 354 | 092 1.06 5.49 0.66 0.57
(in %)
MAE
353 | 5.14 | 0.76 095 | 8.14 0.58 0.64
RF | (in %)
SAE
244 | 3.71 0.84 1.03 5.61 0.64 0.60
(in %)
MAE
3,55 508 | 0.74 0.96 | 7.93 0.55 0.61
SV | (in %)
SAE
241 | 3.51 0.90 1.05 5.55 0.66 0.58
(in %)
MAE
448 | 6.67 | 1.25 1.01 6.49 1.25 2.41
LR | (in %)
SAE
342 | 498 | 0.69 1.01 | 5.19 0.81 1.90
(in %)
Mean of Actual
26.38| 13.70 | 1.54 2.10 | 52.3 2.69 1.30
Fractions (in %)

43



https://doi.org/10.5194/egusphere-2025-5677
Preprint. Discussion started: 9 December 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Table C8. Efficacy of the proposed method in predicting the relative abundance of the different components in the correct order for elemental

source apportionment at Site-C for different regression models discussed above.

Mean Normalized Discounted
Cumulative Gain (NDCG) M
in predicting the top K SR;)&;]C
contributing sources
K=1 ‘ K=2 ‘ K=3 ‘ For all sources
KNN| 1 [099/0.99] 099 0.93
| | 6B | 1 [099)o99| 099 | 090 |
Site-C
\(Elemental SA)\ RR | 1 099099 099 | 090 |
RF | 1 |099]099] 099 | 091 |
| | sv | 1 [o99foge| 099 | 090 |
| | LR | 1 [099)099| 099 | 087 |
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