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ABSTRACT 
Understanding fine particulate matter (PM2.5) composition and sources is beneficial to 

improving visibility, addressing climate change, and mitigating poor air quality and related 

public health effects. Source apportionment techniques have been instrumental in evaluating 

the impact of sources and secondary processes on the ambient PM2.5 concentrations in receptor 

areas. Positive Matrix Factorization (PMF) is now the most commonly used tool due to its 

ability to provide mixture resolution based on available PM2.5 compositional data. Sampling 

and analysis of PM2.5 was conducted in Cape Town, South Africa from April 2017 to April 

2018. The resulting data were dispersion normalized to address the modifications of the source 

concentrations resulting from the varying dispersion conditions and thereby permit dispersion 

normalized PMF (DN-PMF) to be employed. DN-PMF quantified the 6 sources as 2-stroke 

vehicles/galvanizing industries (16.8%); soil/road dust (12.3%); sulphate/marine diesel (3.6%), 

traffic (15.7%), sea salt (21.8%), and heating/biomass burning/cooking (15.7%). In addition, 

air mass back trajectory analysis using the Hybrid Single Particle Lagrangian Trajectory 

(HYSPLIT) model identified long-range transport pathways to Cape Town. The HYSPLIT 

results showed air masses from the Atlantic SSW (6%), Atlantic SW (24%), Indian Ocean 

(31%), and Atlantic WSW (39%) influence air quality. The primary sources affected by the 

transport clusters were heating, 2-stroke vehicles/galvanizing, road and soil dust, and traffic 

emissions. These results show that reducing emissions from the local sources will improve air 

quality. 

 

Keywords: Cape Town, Dispersion Normalized-Positive Matrix Factorization, PM2.5, Source 
Apportionment, South Africa, Trace Elements  
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1. INTRODUCTION 

Fine particulate matter (PM2.5) is a major air pollutant. Globally, particles less than 2.5 microns 

in diameter have received particular attention due to their physicochemical properties (Orellano 

et al., 2020; WHO, 2021) and associated adverse health outcomes (Feigin et al., 2021; Soriano 

et al., 2020; WHO, 2021). Black carbon (BC) and sulphate (S) are strong climate forcings, both 

positive and negative (Bond et al., 2013; Dai et al., 2019). PM2.5 includes toxic elements and 

compounds. Black carbon is an indicator of combustion, including diesel engine emissions, 

residential wood burning, coal, heavy oil, and biomass burning from agricultural waste, forests, 

and vegetation fires that cause harmful effects to sensitive organs in the human body (Jacobson, 

2001; Janssen et al., 2012; Wang et al., 2012), and is an important short-term climate forcer 

(Bond et al., 2013).  

Serious air quality management efforts in South Africa began by enacting the National Air 

Quality Act in 2005 (Department of Planning, Monitoring and Evaluation, 2005). The daily 

and yearly South African air quality standard for PM2.5 only came into effect in June 2012, and 

there was a delay for the air pollutant to be monitored (Department of Environmental Affairs, 

2012). PM2.5 was not monitored during the study period in Cape Town (Department of 

Environmental Affairs and Development Planning, 2021). Cape Town is a highly industrialised 

city with a variety of industries including metal recycling, production, and fabrication, cement 

production, and a port that handles both container and cruise ships. Recent studies indicated 

PM2.5 concentrations were sufficiently high to pose potential health risks in Cape Town (Alfeus 

et al., 2022; Williams et al., 2021). The PM2.5 concentrations in Cape Town were above the 

WHO guidelines with reported increased risk in adults, children, and infants (Alfeus et al., 

2022; Williams et al., 2021). Identifying the sources and contributions could lower PM2.5 

concentration and its associated effects (UNECE, 2010; WHO, 2013). 

Emissions, dispersion, transport modelling, and source apportionment techniques are available 

to evaluate the impact of primary emitters and secondary processes on ambient PM2.5 loads 

(Cardoso et al., 2018). Source-oriented models require input data, including emission 

inventories, that is often difficult to develop and quantify the source contributions to ambient 

concentrations fully (JRC et al., 2014). Based on the available PM2.5 datasets, receptor-oriented 

models can provide resolutions of mixtures (JRC, 2014; Hopke, 2016). Thus, available 

compositional data are adequate for source apportionment studies applying the receptor models. 

Among the available data analysis methods, Positive Matrix Factorization (PMF) has become 

the most used receptor model (Hopke et al., 2020).  
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Hundreds of studies have been conducted worldwide (Hopke et al., 2022). However, there are 

very few source apportionment studies in Africa (Adeyemi et al., 2021; Benchrif et al., 2022; 

Cardoso et al., 2018; Doumbia et al., 2023; Gaita et al., 2014; Gatari et al., 2009; Klopper et 

al., 2020; Mmari et al., 2020; Muyemeki et al., 2021; Odediran et al., 2021; Orogade et al., 

2016; Owoade et al., 2016; Sulaymon et al., 2020; Tefera et al., 2021; Tshehla and Djolov, 

2018; Walton et al., 2021; Zhou et al., 2014). Some of the above studies used different methods 

(e.g., chemical mass balance or enrichment factors) (Cardoso et al., 2018; Gatari et al., 2009; 

Mmari et al., 2020; Tefera et al., 202), shorter sampling periods (Owoade et al., 2016; Sulaymon 

et al., 2020; Walton et al., 2021), or focused on specific locations or situations (e.g., most 

polluted area, events or indoor environment) (Klopper et al., 2020; Odediran et al., 2021; 

Walton et al., 2021; Zhou et al., 2014), which may limit the representativeness and 

comparability of their findings. PMF studies conducted in African cities with similar sampling 

durations, such as Tetouan, Morrocco (Benchrif et al., 2022), Nairobi, Kenya (Gaita et al., 

2014), and Kaduna, Nigeria (Orogade et al., 2016), identified PM2.5 components such as 

particulate organic matters, black carbon, sulfate, nitrate, ammonia, vehicle emission, industrial 

emission, biomass burning, aged sea salt, mineral and soil dust. 

In South Africa, PMF source apportionment studies have only been conducted in Pretoria 

(Adeyemi et al., 2021), the Vaal Triangle (Muyemeki et al., 2021), and Limpopo (Tshehla and 

Djolov, 2018). From the review of these source apportionment studies, a number of primary 

and secondary sources contributes to PM2.5 including on road transportation (exhaust emission, 

tire, and brake wear), residential space heating, biomass combustion (residential and 

agricultural wood burning), fossil fuel and coal combustion industries (base 

metals/pyrometallurgical, ferrochrome smelters), mineral or soil dust and secondary aerosols 

(Adeyemi et al., 2021; Muyemeki et al., 2021; Tshehla and Djolov, 2018).  

This present study used dispersion normalized positive matrix factorization (DN-PMF) (Dai et 

al., 2020, 2021; Gu et al., 2022; Sofowote et al., 2021; Song et al., 2021; Chen et al., 2022) on 

data previously collected in Cape Town (Williams et al., 2021; Alfeus et al., 2022). DN-PMF 

provides improved results and reduces the influence of variable dispersion conditions that 

modify concentrations irrespective of emission rates (Chen et al., 2022). As done in these other 

studies, DN-PMF applied the ventilation coefficient (VC) on 24-h integrated filter-based 

sampling data from Cape Town, South Africa, during the April 2017–April 2018 sampling 

period to provide the first source apportionment results for Cape Town. 
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2. METHODS 

2.1 Site description and measurements 

Williams et al. (2021) and Alfeus et al. (2022) described the study setting in detail. 24-hour 

aerosol samples were collected at a sub-urban background site (3 m above the ground) in the 

residential area of the Kraaifontein suburb (Fig S1; coordinates: 33.8429ºS, 18.7026ºE). The 

Kraaifontein sampling site is 29 km from the city industries, 2 km from the N1 Freeway, and 

30 km from the Cape Town International Airport (Williams et al., 2021). At the end of the 

sampling period, 121 exposed filters (37-mm PFTE, Zefon International, Inc., Ocala, FL34474, 

USA) were collected from 9:00 to 9:00 am on every third day from April 18, 2017 to April 18, 

2018 using GilAir-5 personal air samplers. Detailed sampling information is available in studies 

conducted across South African cities by Adeyemi et al. (2022), Edlund et al. (2021), and 

Howlett-Downing et al. (2022).  

 

2.2. Instrumentation and Data Analysis 

Table S1 summarizes the methods and equipment used to analyse the PM2.5 species. Williams 

et al. (2021) performed the gravimetric analysis of PM2.5 at the School of Health Systems and 

Public Health (SHSPH), University of Pretoria (UP). As reported by other studies, the 

Department of Chemistry and Molecular Biology, Atmospheric Division, University of 

Gothenburg, analysed the trace elemental, black carbon, and organic carbon composition 

(Adeyemi et al., 2022; Howlett-Downing et al., 2022; Edlund et al., 2021). 

 

2.2.1 Light-absorbing carbon 

Light-absorbing carbon was measured at two different wavelengths, 880 and 370 nm, 

respectively, with a Model OT21 Optical Transmissometer. Delta-C, the difference between 

UVBC and BC, was determined as described by Wang et al. (2011).  Delta-C helps differentiate 

combustion sources and is a known tracer for biomass burning (Wang et al., 2011; 2012). 

However, these absorption measurements only partially account for the carbonaceous 

components since there can be non-absorbing organic species. In addition, this study did not 

measure nitrate or non-light absorbing carbon. Thus, the measured data cannot provide mass 

closure for the samples.  

 

 



6 
 

2.2.2 Sulphate 

Sulphate comprises primary and secondary sulphate (Dai et al., 2019). Secondary sulphate is a 

product of atmospheric chemical reactions of SO2, oxygen, and ammonia. All elemental sulphur 

is assumed to be ammonia sulphate (NH4)2 SO4 (Malm et al., 1994). The multiplicative molar 

conversion factor (mcf) for sulphur to ammonia sulphate is determined by multiplying the 

molecular mass of the ammonia sulphate molecule with the measured mass of sulphate. In this 

study, the mcf for ammonium sulphate is 4.125 (Malm et al., 1994). 

𝑆𝑢𝑙𝑓𝑎𝑡𝑒 = 𝑆 ∗ 4.125         (1) 

 

2.2.3 Soil 

The soil mass concentration was estimated by summing the masses of elemental oxides 

predominantly associated with soil (Cardoso et al., 2018; Malm et al., 1994). In this study, the 

elements associated with the soil were Si, Ca, Fe, and Ti (Cardoso et al., 2018; Malm et al., 

1994). Since we had not measured Al, the silica-aluminium ratio (Si/Al = 2.7) derived the Al 

mass (Rahn, 1976). The elements were converted to their oxidized form using the following 

equation: 

𝑆𝑜𝑖𝑙 =
ௌ௜

ଶ.଻
∗ 2.2 + 𝑆𝑖 ∗ 2.49 + 𝐶𝑎 ∗ 1.63 + 𝐹𝑒 ∗ 2.42 + 𝑇𝑖 ∗ 1.94   (2) 

 

2.2.4. Sea Salt 

In this study, chlorine measures sea salt (NaCl) and the molecular weight for NaCl is 58.5 

(Cardoso et al., 2018; Malm et al., 1994). Hence the Cl is converted to NaCl by multiplying the 

Cl measured concentration with the molecular weight of Na divided by the molecular weight 

of Cl as demonstrated below: 

𝑆𝑒𝑎 𝑆𝑎𝑙𝑡 = 𝐶𝑙 ∗ (1 +
ଶଷ

ଷହ.ହ
)        (3) 

 

2.2.5 Unmeasured Mass 

Since the analytical results do not provide full mass closure, we incorporated the unmeasured 

mass (UMM) into the analysis (Hopke et al., 2003; Zhao et al., 2007; Anastasopolos et al., 
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2022). We subtracted the reconstructed mass from the measured mass on a sample-by-sample 

basis. The estimation of the reconstructed mass used the approach presented initially by Malm 

et al. (1994) that converts the measured elemental concentrations into species likely to be 

present in the PM samples. These species include sulphate, crustal species described as soil, 

and sea salt.  

The unmeasured mass (UMM) was then estimated by: 

𝑈𝑀𝑀௜ = 𝑀𝑎𝑠𝑠௜ − 𝑆𝑢𝑙𝑓𝑎𝑡𝑒௜ − 𝑆𝑜𝑖𝑙௜ − 𝑆𝑒𝑎 𝑆𝑎𝑙𝑡௜ − 𝐵𝐶௜ − 𝐷𝐶௜   (4) 

Where i is the index for a given sample. The likely major components in the unmeasured mass 

are nitrate and non-light absorbing organic carbon. 

 

2.3 Dispersion-Normalized Source Apportionment  

The U.S. Environmental Protection Agency Positive Matrix Factorization (EPA-PMF) 

software, version 5.0, was employed. PMF estimates the source profiles and their contributions 

from the available concentrations and associated uncertainties (Hopke, 2016; Paatero, 1997; 

Paatero and Tapper, 1994). The species included in the analysis were BC, Delta-C, S, Cl, Si, 

K, Ca, Ti, Fe, Ni, Cu, Zn, As, Br, Sr, Sb, and Pb. Uncertainties were calculated as per Polissar 

et al. (1998). The geometric concentration means, and 5/6 DL were used for species with 

multiple missing data and concentrations below the detection limit (Polissar et al., 1998). 

Bootstrapping (BS), displacement (DISP), and bootstrap displacement (BS-DISP) analyses 

were performed to assess the uncertainties and rotational ambiguity (Paatero et al., 2014; Brown 

et al., 2015).  

This study used DN-PMF, a recently developed approach to reduce the meteorological 

influence on PMF analysis by incorporating the ventilation coefficient (VC) as calculated 

below (Dai et al., 2020, 2021; Chen et al., 2022): 

VCi = BLHi × ui          (5)  

BLHi is the boundary layer height for time period i, and ui is the mean wind speed for time 

period i.  

𝐶𝑉𝐶௜௝ =  𝐶௜௝  
௏஼೔

௏஼തതതത
          (6)  

where 𝑉𝐶തതതത is the average VC over the whole sampling period, Ci j is the measured concentrations 

of species j in sample i, and CVCij is the corresponding dispersion normalized concentration.  
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Equation 6 normalized the concentrations to that it would be for the average VC for the whole 

sampling period and thereby reduced the influence of period-specific dispersion. The hourly 

BLH values were obtained from the website for ERA5 hourly data on single levels from 1940 

to the present (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-

levels?tab=form). Local hourly wind data from the Cape Town International Airport were 

obtained from the South African Weather Service. Hourly VC values were then calculated 

using Equation 5. Average 24-hour DN coefficients were obtained from the 24 one-hour values 

for a given sample and were applied to both measurements and error matrices. The final DN 

concentrations and uncertainties were input data in the PMF model. They provided the results 

in this study after unnormalisation by multiplying the resolved contributions with the inverse 

of the normalisation ratio.  

 

2.4 Conditional Bivariate Probability Function 

The seasonal conditional bivariate probability function (CBPF) values were calculated for each 

resolved factor to explore the location of the local sources relative to the monitoring sites (Uria-

Tellaetxe and Carslaw, 2014; Begum and Hopke, 2019). The CBPF is defined by: 

𝐶𝐵𝑃𝐹 =
௠∆ഇ∆ೠ

௡∆ഇ∆ೠ
         (7) 

Where 𝑚∆ఏ∆௨ is the number of samples where the wind direction falls within the Δθ directions 

interval and the Δu speed interval, and the contributions from the factor that was greater than 

the 75th percentile; while 𝑛∆ఏ∆௨ is the number of samples where the wind direction falls within 

the Δθ and Δu intervals. 

 

2.5 HYSPLIT and Transport Clusters 

Williams et al. (2021) identified a surrogate of long-range transport passing through Cape Town 

using the Hybrid Single Particle Lagrangian Integrated Trajectory (HYSPLIT) model. Using 

the trajectories shown in Figure 2 of Williams et al. (2021), this study investigated the influence 

of air masses from 4 directions; 1) Indian Ocean, 2) Atlantic Ocean-WSW, 3) Atlantic Ocean-

SW, and 4) Atlantic Ocean-SSW on the modelled factors similar to what has been done in 

earlier studies (Adeyemi et al., 2021; Molnár et al., 2017; Muyemeki et al., 2021; Novela et al., 

2020; Tshehla and Djolov, 2018)  
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2.6 Statistical Analyses 

We used SAS version 9.3 to perform the statistical analysis (Alfeus et al., 2022; Williams et 

al., 2021). PMF sources did not have normal distributions. Thus, Kruskal-Wallis ANOVA on 

Ranks (Kruskal and Wallis, 1952) and Wilcoxon's rank sum tests (Wilcoxon, 1945) were 

applied to test whether PMF sources differed across seasons: Autumn (March-April); Winter 

(June-August); Spring (September-November) and Summer (December -February), and 

transport clusters. Studies from Pretoria and Gothenburg used similar tests (Adeyemi et al., 

2021; Molnár et al., 2017). 

 

3. RESULTS AND DISCUSSION 

3.1. Overview of the measurements 

Table S2 provides a summary of PM2.5 annual, seasonal, weekdays and weekends descriptive 

statistics. The mean daily concentration in this study was 13.4 ± 8.2 µg/m3, exceeding the  

yearly WHO air quality guideline of 5 µg/m3, but not the yearly South African air quality 

standard of 20µg/m3 (Alfeus et al., 2022; Williams et al., 2021). PM2.5 mass concentration 

reported in our study was lower than the mean concentration observed by Benchrif et al.(2022), 

at a coastal urban area in Tetouan, Morocco, (17.96 µg/m3), and those reported by Owoade et 

al.(2016) at an urban industrial site in Kaduna, north western Nigeria (37.2 µg/m3), but higher 

than those obtained by Anastasopolos et al. (2022) at an urban city centre in Calgary, Canada 

(7.45 µg/m3). Locally, the mean concentration reported in this study were lower than those 

observed by Adeyemi et al. (2021) at an urban industrial site in Pretoria (21.1 µg/m3), but higher 

than those observed by Novela et al.(2020) at a rural site in Thohoyandou (11 µg/m3) and Van 

der Westhuizen et al. (2022) at a sub-urban site in Bloemfontein (11 µg/m3). It is expected that 

PM2.5 levels at sub-urban sites are lower than those at urban sites, as sub-urban sites usually 

further away from larger industries, busy roads and out of airmass trajectories pathways 

(Benchrif et al., 2022).  

The measured PM2.5 data exceeded the daily WHO guideline (15 µg/m3) on seventeen days in 

spring, thirteen in winter, seven in autumn and once in summer (equivalent to an average of 3 

exceedance days per year) (Table S3). Cape Town experiences dry, warm summers resulting 

in few settling particles due to increased temperature, humidity, and wind speed, wet cold 

winters with more frequent inversions that lead to poor dispersion of particles  (Williams et al., 
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2021). These seasonal patterns  were confirmed by the results in this study, as the lowest PM2.5 

concentrations (9.1µg/m3) and highest temperature (21.5oC) and windspeed (5.0 m/s) were 

reported in summer compared to other seasons (Table S4). The highest relative humidity was 

reported in winter (Table S4).  

The annual mean BC concentration was 2.4 ± 1.5 µg/m3, accounting for 18% of the PM2.5 mass 

(Table S6). Studies from some African cities support our findings that PM2.5 is mainly made up 

of BC, e.g. in Pretoria, South Africa (Adeyemi et al.,2022), Kaduna, Nigeria (Orogade et al., 

2016); Kenya (Gaita et al., 2014). Contrastingly, studies conducted in Thohoyandou, South 

Africa and Tetouan, Morrocco found that PM2.5 mainly comprises of organic carbon (Benchrif 

et al., 2022; Novela et al., 2020). PM2.5 and BC showed a significant positive correlation (Table 

S5), which means controlling the sources of BC could result in PM2.5 reduction. A study 

conducted in Dakar; Bangladesh indicates that reducing BC concentration by a factor of 2.5 

results in the reduction of PM2.5 concentration by a factor of 2, following the establishment of 

national air quality standard, replacement of old 2-stroke engine, three wheelers to CNG four 

stroke three wheelers and banning of leaded gasoline (Begum and Hopke, 2019). South Africa 

phased out the leaded gasoline in 2006. The country’s air quality standard for PM2.5 came into 

effect in 2012 (Adeyemi et al. 2021; Department of Environmental Affairs, 2012). South Africa 

introduced electrical vehicles in 2013, but switching over is very slow as in the rest of the world  

(Moeletsi, 2021). Thus, the continuous use of internal combustion engines in South Africa 

contributes to air pollution.  

The mean sulphur concentration was 1.4 ± 0.9 µg/m3, accounting for 10% of the PM2.5 mass. 

Sulphur concentrations did not differ significantly across seasons, days of the week, or 

weekdays (Table S6). Sulphur is a significant secondary inorganic aerosol (SIA) component 

because it contributes to primary and secondary sulphate (Zhou et al., 2020). This study did 

not quantify the other major SIA species, e.g. nitrate. Primary sulphate is produced from diesel 

vehicles containing higher concentrations of sulphur in fuels that is oxidized at low 

temperatures, producing SO3, which then reacts with water vapor to form primary sulphate 

(Agarwal et al. 2008a; 2008b; 2009; 2010; Begum and Hopke, 2019).  In the expansion stroke 

of a diesel engine, adiabatic cooling results in sufficiently low temperatures that produce SO3. 

Given high-sulphur diesel fuels, diesel engines like marine diesel engines (Agrawal et al., 

2008a; 2008b; 2009; 2010), heavy-duty on- and off-road diesel vehicles (Santoso et al., 2008; 

Begum and Hopke, 2019) or coal combustion at low temperatures (Dai et al., 2019) can 

produce primary sulphate. Currently South Africans consume diesel fuel with maximum S 
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content of 500ppm and 50 ppm (Xie et al.,2022). New regulations that will limit diesel sulphur 

content are published and will be effective in 2027 (Turner and Malicier, 2022).  Finally, the 

sea contributes to the primary sulphate in the atmosphere as part of the sea salt (Mason, 1966). 

The formation of secondary sulphate is due to strong photochemistry between SO2 emissions 

formed through various atmospheric processes. SO2, the precursor gas for secondary sulphate, 

is emitted by diesel vehicles (Santoso et al., 2008), marine diesel vessels (Agrawal et al., 2008a, 

2008b; 2009;2010; Anastasopolos et al., 2023), and household heating (Alfeus et al., 2022; 

Gaita et al., 2014; Zhang et al., 2013). However, it takes hours to convert a significant fraction 

of the SO2 to SO3, so local SO2 sources do not contribute significantly to local sulphate 

(Agrawal et al., 2008a, 2008b). However, the oxidation of methyl disulfide and dimethyl 

disulfide emitted from marine phytoplankton produces biogenic sulphate and methane sulfonic 

acid (MSA) (Charlson et al., 1987). Thus, biogenic sulphate likely contributed to the measured 

sulphate values.  

The correlations of PM2.5 and SO2 from ambient air quality monitoring stations near our 

sampling location were significant (Williams et al., 2021). The highest correlation report was 

at Goodwood (r2=0.60;14 km SWS of the study site), followed by Wallecedene (r2=0.31; 3 km 

ESE of the study site), Table View (r2=0.24; 18 km WNW of the site), Somerset West (r2=0.22; 

29 km SSE of the site) and Atlantis monitoring stations (r2=0.20; 37 km NNW of the study 

site), which is a possible contribution from SO2 local sources (Williams et al., 2021). The 

Somerset West monitoring station is 6 km SE of the Island harbour, a potential source of 

primary sulphate from heavy-duty diesel emissions from marine vessels (Williams et al., 

2021). The Atlantis monitoring station is about 15 km E from the ocean which can be possible 

for biogenic SO2 (Williams et al., 2021). The Goodwood monitoring station is approximately 

16.5 km SE from the Cape Town international airport, potentially responsible for the primary 

sulphate from aircraft and associated vehicles in the airport (Williams et al., 2021).  

Table S6 presents the summary statistics for annual values of the nineteen (19) elements (Si, S, 

Cl,  K, Ca, Ti, Fe, Ni, Cu, Zn, U, Pb, Ba, As, Br, Se, Sb, Sr, V and Sr) essential for the source 

apportionment study. Overall, these trace elements account for 24.9% of the measured PM2.5. 

S (1.4 µg/m3), Cl (0.5 µg/m3), Si (0.5 µg/m3), Ca (0.3 µg/m3), K (0.2 µg/m3), and Fe (0.2 µg/m3) 

had higher mean concentrations (Table S6). Studies from Pretoria and Bloemfontein reported 

similar elements (S, Si, Fe, K and Ca) that made up much of PM2.5 mass (Adeyemi et al., 2022; 

Van der Westhuizen et al., 2022), while Thohoyandou reported different elemental 
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concentration (Si, Mg, Al, Ti, Pb and Sb) (Novela et al., 2020). The observed abundance in the 

elemental concentrations across Cape Town, Bloemfontein and Pretoria is influenced by variety 

of sources in the vicinity and regional long- range transport (Adeyemi et al., 2021; Van der 

Westhuizen et al., 2022; Williams et al., 2021). The source apportionment study conducted in 

Pretoria and Vaal Triangle, South Africa identified S as a marker for coal combustion from 

industries (Adeyemi et al., 2021; Muyemeki et al., 2021). The source apportionment study 

conducted in Pretoria identified Si, Fe, K and Ca as markers of soil, road, mineral, or 

construction activities dust (Adeyemi et al., 2021). Some of the K and Fe emissions were 

attributed to biomass burning and traffic emission, respectively (Van der Westhuizen et al., 

2022). S, Si, Ca, Ti, Ni, Cu, Zn, Sr, Sb and Pb mean concentrations did not vary significantly 

across seasons, days of the week, and weekends/weekdays (Table S6). This implies that these 

elements were emitted by constant sources with no significant influence of climatic condition 

or long-range transport (Adeyemi et al., 2021; Gaita et al., 2014; Molnár et al., 2017; Van der 

Westhuizen et al., 2022; Williams et al., 2021). As, Br, Cl, Fe, and K differed significantly 

across seasons (p<0.005; Table S7), with high concentration of all metals observed in winter 

compared to spring, autumn and summer. In Pretoria, Br, Cl, As and K are coal burning 

markers, mainly used in electricity generation as well as cooking and space heating in 

household, hence high emission in winter due to more burning of coal/wood for space heating 

(Adeyemi et al., 2021; Muyemeki et al., 2021). For Cape Town, Cl is also a marker for sea salt 

emissions (Williams et al., 2021). Increased concentrations of Cl and K were observed in the 

weekend compared to weekdays (p<0.05; Table S8), possibly attribute to increased usage of 

electricity or coal for domestic or recreational purposes (Adeyemi et al., 2021). While Fe 

concentrations differed significantly (p<0.05) across the days of the week (Table S9), indicating 

that variety of sources contributes to Fe emissions on a daily basis. Fe is attributed to metal 

works in close vicinity of the study sampling site (Williams et al., 2021). Tshehla and Djolov, 

2018 identified agricultural or wood burning, ferrochrome smelter and vehicle emission as Fe 

sources. 

 

3.2. Reconstructed Mass Results 

Table 1 reports the annual and seasonal reconstructed mean concentration of PM2.5 and its 

identified chemical composition collected over the 12 months in Cape Town. This methodology 

reported a mean PM2.5 concentration of 13.4 ± 16.9 µg/m3, like the gravimetric PM2.5 mean 

concentration, reflecting the reliability of the methodology (Benchrif et al., 2022). In the PM2.5 
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fraction of this study, sulphate (44%; 5.9 µg/m3) contributed more than soil (20.1%; 2.7 µg/m3), 

light-absorbing carbon (18.7%; 2.5 µg/m3), unexplained particulate fine mass (10.4%:1.4 

µg/m3), sea salt (5.2%; 0.7 µg/m3), or other aerosols (3.7%; 0.5 µg/m3). Using the same 

methodology, Benchrif et al.(2022), reported particulate organic matter (33%), as the major 

aerosol component, followed by secondary inorganic aerosols (28%), black carbon (18%), 

sulphate (17%), mineral dust (9%), sea salt, ammonium, and nitrate (6%) as well as unexplained 

mass (4%) in Tetouan, Morocco. Spring and winter observed higher concentrations of 

unmeasured mass. The source apportionment study will clearly illustrate unmeasured mass 

sources and temporal variations.  

 

Table 1: Mass closure and contributions of different components ( µg/m3) to the total PM2.5 

mass in Kraaifontein suburb, Cape Town from 18 April 2017- 16 April 2018 

 Fine Mass Light 
absorbing 

carbon 

Soil Ammonium 
Sulphate 

Sea Salt Other Unexplained 
fine mass 

Annual 13.4 ± 16.9 2.5 ± 1.9 2.7 ± 2.2 5.9 ± 3.8 0.8 ± 0.9 0.1 ± 0.2 1.4 ± 8.1 
Autumn 11.2 ± 16.0 3.1 ± 1.7 3.4 ± 2.8 7.1 ± 4.6 0.5 ± 0.6 0.4 ± 0.2 -3.4 ± 6.2 
Winter 16.3 ± 19.4 4.0 ± 2.4 2.9 ± 2.5 4.9 ± 3.3 0.6 ± 0.7 0.6 ± 0.4 3.3 ± 10.2 
Spring 17.6 ± 13.7 1.6 ± 1.3 2.3 ± 1.6 5.3 ± 3.8 0.9 ± 0.8 0.3 ± 0.1 7.3 ± 6.1 
Summer 9.1 ± 10.5 1.2 ± 0.7 2.1 ± 1.2 6.5 ± 3.4 1.4 ± 0.1 0.3 ± 0.1 -2.3 ± 4.2 

3.3.  Source identification and apportionment 

We began the source apportionment analyses with the complete data set. However, after 

exploring many solutions between five and ten factors and then re-examined the data. We 

found that in period from mid-September to mid-November was qualitatively different from 

the rest of the study period. The unmeasured mass was larger in this period and it was not 

possible to get a PMF apportionment fit to the mass with an r2 better than 0.6. There were 

several species (e.g., Ca, Cu, Fe) that appeared as unique factors, but did not contribute 

substantially to the mass fit. Thus, after considerable experimentation, we eliminated the data 

from 12 September 2017 to 14 November 2017. The statistics of the species from the 

remaining samples included in the analyses are provided in Table S10. The uncertainties for 

the species were derived from the tables provided by Kim et al. (2005) using the approach of 

Polissar et al. (1998).  

We tested solutions from four to seven factors to determine the appropriate number of factors. 

The best solution included six factors based on the examination of the scaled residuals, the 

profiles’ interpretability, the contribution time series, and the EPA PMF diagnostics. Table 
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S11 provides the diagnostics for the chosen 6 factor solution. The identified six source profiles 

(Figure 1) are traffic, sea salt, sulphate/marine diesel,  2-stroke vehicles/galvanizing, heating/ 

biomass burning/ cooking, and soil/road dust. Figure 2 presents the time series of estimated 

daily contributions from each source. Figure 3 shows the fit of the PM2.5 concentrations 

derived from the PMF analysis against the measured PM2.5. Figure 4 shows the fractional 

apportionment of PM2.5 mass concentrations to the identified sources. Figure 5 shows the 

CBPF plots demonstrating the relationships of source contributions with wind direction and 

wind speed. Table 2 provides the PMF daily mean contribution for PM2.5 and sources by 

trajectory cluster. 
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Figure 1: Six identified sources of PM2.5 measured at Kraaifontein suburb in Cape Town, 
South Africa, between 18 April 2017 and 16 April 2018. 
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Figure 2: Time-series variations in PM2.5 levels of the six identified sources at Kraaifontein 
suburb in Cape Town, South Africa, between 18 April 2017 and 16 April 2018. 
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Figure 3. Predicted PM2.5 versus Measured PM2.5 at Kraaifontein suburb in Cape Town, 

South Africa, between 18 April 2017 and 16 April 2018. 
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Figure 4: Percentage contribution of the six identified sources to PM2.5 at Kraaifontein suburb 

in Cape Town, South Africa, between 18 April 2017 and 16 April 2018. 
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Figure 5: CBPF analysis of seasonal relationships between the six identified source 
contributions and wind direction to PM2.5 at Kraaifontein suburb in Cape Town, South Africa, 
between 18 April 2017 and 16 April 2018: A) Traffic; B) Sea Salt; C) Sulphate/Marine Diesel; 
D) 2-Stroke Vehicles/Galvanizing; E) Heating/Biomass/Cooking; F) Soil/Road Dust. 
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Table 2. Positive Matrix Factorization estimated daily mean concentration for PM2.5 and 
sources by four long-range transport clusters at Kraaifontein suburb in Cape Town, South 
Africa, between 18 April 2017 and 16 April 2018 

Cluster Traffic Sea Salt Sulphate/ 
Marine Diesel 

2-Stroke 
Vehicles/Galvanizing 

Heating Soil 

Indian Ocean 1.22 0.74 0.20 2.29 3.25 2.15 
Atlantic WSW 1.22 1.20 0.30 1.78 3.74 1.03 
Atlantic SW 1.48 2.42 0.20 1.97 5.06 0.69 

Atlantic SSW 1.63 1.16 0.24 2.21 5.71 1.08 

 

3.3.1 Traffic Emissions 

The first factor was traffic emission, contributing 15.7% to PM2.5 (Fig 4). Traffic emission is 

a known contributor to PM2.5 globally (Anastasopolos et al., 2022; Benchrif et al., 2022; Kim 

and Hopke, 2009) and in South Africa (Adeyemi et al., 2021, Muyemeki et al., 2021; Tshehla 

and Djolov., 2018). The traffic factor is characterized by high values of unmeasured mass 

likely representing nitrate and organic carbon, BC, Fe, Delta-C, and moderate amounts of 

multiple elements that are associated with tailpipe and non-tailpipe emissions from both light- 

and heavy-duty vehicles (Fig 1). The presence of high BC and Delta-C are characteristic of 

diesel and gasoline vehicles (Kim and Hopke, 2004).  Delta-C is normally considered as an 

indicator of biomass burning. However, diesels used to emit considerable OC (Watson et al., 

1994) and thus, would have emitted significant amounts of PAH that would contribute to 370 

nm BC. The factor also had a high value for unmeasured mass with a small DISP interval, 

suggesting majority of organic carbonaceous material and nitrate associated with vehicular 

combustion emissions (Anastasopolos et al., 2022). Fe suggests brake wear or rail steel 

abrasion particles (Anastasopolos et al., 2022; Dai et al., 2023), and Ni, Pb and Ti in this 

factor suggest the resuspension of contaminated road traffic dust by on road moving vehicles, 

(Anastasopolos et al., 2022; Kim and Hopke, 2004).  There is no Zn since there is the separate 

2-stroke vehicles/galvanizing factor that has most of the explained variation of Zn.  

The time series shows that this source portrayed a mild seasonal trend, with slightly elevated 

contribution to PM2.5 in summer (Fig 2), likely due to increased exhaust emission 

(Anastasopolos et al., 2022). CBPF plots indicate a local source region to the SW and SE at 

low windspeed (<15km/h) in summer and spring (Fig 5). The sampling site location was 1km 

away from the busy N1 freeway road, that could be the nearby source (William et al., 2021). 

In addition, higher concentration of traffic emission in warmer months could be due to the 

increase in traffic use, higher volatility of volatile organic compounds and increased 

photochemical activities leading to more secondary organic aerosol formation (Chen et al., 
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2022). Atlantic SSW trajectories transport more traffic emission (Table 2), that is, the 

direction of downtown Cape Town and Island Harbour to the sampling site.  

3.3.2 Sea Salt 

The second factor is assigned as sea salt, accounts for 21.8% of PM2.5 mass (Fig 4), with high 

explained variations for Cl, S, Si, K and Ca (Fig 1). It is noteworthy that the sampling site 

location, somewhat far from the coast (within 25 km from the Atlantic and Indian Oceans) is 

likely to receive fresh marine sprays that explains the increased Cl concentrations (Williams 

et al., 2021). This factor showed a consistent moderate seasonality with slightly higher mean 

contributions to PM2.5 in summer (Fig 2). Similarly, the CBPF plots identified a local sources 

region across seasons, and particularly the summer CBPF plots indicate a local source region 

at low windspeed (<15 km/hour) to the NW, SW, and SE (Fig 5), attributing to the sea sprays 

from Atlantic ocean and Indian ocean, respectively (William et al., 2021).Table 2 shows that 

long range transported airmass from Atlantic ocean SW moderately contributes to this factor 

more than those from the Indian ocean, Atlantic WSW and Atlantic SSW.  

3.3.3 Sulphate/Marine Diesel 

This factor is identified as sulphate/marine diesel comprised of primary sulphate from land 

and marine diesel vehicles (Agarwal et al., 2008a; 2008b; 2009; 2010; Begum and Hopke, 

2019) and biogenic sulphate from oxidation of dimethyl sulphide and dimethyl disulphide 

emitted from marine phytoplankton (Charlson et al., 1987; Sanchez et al., 2021), contributing 

3.6% of ambient PM2.5 in Cape Town (Fig 4). The sulphate factor is characterized by high 

loads of S, BC and some V, Ni, Cu, Sr, Sb, Ba and Pb, all with a small DISP interval (Fig 1). 

BC has a relatively high concentration likely due to the emissions from the ships in port and 

the heavy-duty diesel engines on the highways between the coast and the sampling site with 

the winds from the ocean producing the observed covariance. Ni in this factor could be a 

tracer for residual oil combustion from ships in the harbour (Belis at al., 2013; Anastasopolos 

et al., 2023). The time series plot (Fig 2) indicates little seasonal difference, implying active 

sources contributing to this factor throughout the year. The autumn CBPF plot (Fig 5) 

identified contributions from SW/SE direction at low-to-high windspeed (5-15 km/h) in  

autumn. Cape Town experiences nothing to very little SE/SW winds in autumn, possibly 

negatively impacting the local air transport contributing to this source (William et al., 2021).  

Regarding air mass transport, none of the four trajectory clusters (See Figure 2 in Williams et 

al., 2021) had substantial influence on the sulphate concentrations since all 4 values are very 
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similar (Table 2). Coal-fired power plants in South Africa are primarily in the northeastern 

part of the country. Thus, they are in an area where long-range transport to Cape Town has 

low probabilities. It is likely that the observed sulphate is largely local in origin coming from 

heavy-duty diesel vehicles on the roads and from emissions from ships entering the port and 

running their engines while they unload/load passengers or goods as discussed above.  

3.3.4 2-Stroke Vehicles/Galvanizing  

The factor contributes 16.8% of PM2.5 mass (Fig 4). The factor is dominated by Zn, a known 

marker for 2-stroke vehicles (Chueinta et al., 2000) and galvanizing industries (Begum and 

Hopke, 2019; Dai et al., 2023). There are also BC and Delta-C concentrations with small 

DISP intervals and S, Fe, Br, Sr and Ba (Fig 1). The observed Pb is commonly added in the 

zinc alloy to coat and make galvanized products shiny (Begum and Hopke, 2019; Dai et al., 

2023; Kania et al., 2020). Two-stroke vehicles are potential sources of extra BC, Delta-C and 

Zn appearing in this factor (Chueinta et al., 2000). South Africa is one of the few countries 

where 2-stroke engines remain in widespread use. This factor showed increased contribution 

to PM2.5 in winter compared to autumn, spring, and summer (Fig 2). The CBPF plot indicates 

a more distant source region at moderate to high windspeed (10-19 km/h) in the NW direction 

in winter and autumn (Fig 5).  

 

3.3.5 Heating/Biomass Burning/Cooking 

This factor was a major contributor to the modelled mass providing 15.7 % of the average 

ambient PM2.5 concentration (Fig 4). Because of the mild climate, central heating is not 

commonly present in homes. Thus, solid fuel combustion of wood and/or coal might be used 

for room heating during the winter. Potassium can also be emitted by cooking. The factor is 

characterised by the enrichment of K, a marker for biomass combustion, and As and Br 

species, markers for coal combustion (Adeyemi et al., 2021; Anastasopolos et al., 2022, Belis 

et al., 2013; Hopke et al., 2020; Williams et al., 2021), a primary source of energy in South 

Africa (Adeyemi et al., 2021; Muyemeki et al., 2021). In addition, BC, DC, Fe, Sb, and Pb 

exhibited a small DISP interval and thus contributed to this factor (Fig 1). As expected, Delta-

C, a tracer for residential wood burning, has observed contribution to this source. The 

substantial proportion of BC implies origins from solid fuel (coal or charcoal) combustion 

(Benchrif et al., 2022). This factor showed a clear seasonality with much higher mean 

contributions to PM2.5 in winter than all other seasons (Fig 2). This seasonal pattern is 
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consistent with increased use of coal/wood burning in cold months for indoor residential space 

heating (Adeyemi et al., 2021; Anastasopolos et al., 2022; Benchrif et al., 2022). Peak events 

were observed in winter (Fig 2), that likely reflects local or regional recreational activities 

(i.e., barbequing) (Adeyemi et al., 2021; Chen et al., 2022; William et al., 2021), commercial 

coal burning for industrial energy production and agricultural burning (Adeyemi et al., 2021).  

The CBPF plots (Fig 5) identified a nearby to distance local source contributing to winter 

(N/S/E/W, 0-20km/h). The enhancement of biomass burning in winter can be attributed to 

domestic heating: winter generally experiences poorer dispersion of pollutants due to a low 

mixing height (Anastasopolos et al., 2022; Benchrif et al., 2022). Biomass burning was 

enhanced by long range transport of particles by airmasses from the Atlantic SSW and SW 

(5.71 and 5.06 µg/m3), Atlantic WSW (3.74 µg/m3) and Indian ocean (3.25 µg/m3), that pass-

through areas with coal or charcoal burning, making them heavy transporter of biomass 

burning markers to the receptor site (Tshehla and Djolov, 2018). 

 

3.3.6 Soil and Road Dust 

The final factor is labelled as dust, contributing 12.3% of PM2.5 mass (Fig 4). Dust is highly 

loaded with BC, DC, Si, S, Fe, K, Ca, Ti, UMM and moderate Pb and Sr (Fig 1). Local studies 

have noted the contribution of soil dust to PM2.5 (Adeyemi et al., 2021: Tshehla and Djolov., 

2018). These elements are traditional markers for resuspended or transported crustal soil 

(Anastasopolos et al., 2022), mineral dust (Gaita et al., 2014), or road dust (Anastasopolos et 

al., 2022; Gaita et al., 2014). The contribution to PM2.5 of 12.3% could be due to non-tailpipe 

vehicular emissions since soil is generally being observed in coarse particles (Benchrif et al., 

2022). The time series plot (Fig 2) shows consistent moderate contribution of this source to 

PM2.5 throughout the year. Anastasopolos et al., (2022), observed lower contribution of this 

source in winter compared to other seasons, attributing it to easier transport and resuspension 

of soil or road dust particles in warmer and dry months compared to wet and weather. The 

CBPF plots identified a more distant source region in the NNW/NW at a moderate to high 

speed (10-19 km/h) in summer and autumn, respectively (Fig 5). Regional transported soil 

contributions are related to higher windspeeds in this factor with strong north/northwest 

winds. Long range transport clusters from the Indian ocean (2.15µg/m3), Atlantic SSW 

(1.08µg/m3) and Atlantic WSW (1.03µg/m3) contribute greatly to this factor (Table 2). This 

flow likely reflects circulation from the Kalahari Desert in neighbouring Namibia (Bhattachan 

et al., 2012; 2013). 
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4. CONCLUSIONS 

PM2.5 chemical characterization and source apportionment study were carried out in the 

Kraaifontein sub-urban area of Cape Town city, South Africa using 2017-2018 data. Chemical 

characterization was achieved using chemical mass closure calculations for the fine size 

fraction. The PM2.5 chemical components were categorized into sulphate, light absorbing 

carbon, soil dust, and sea salt. The findings of the mass closure method reveal that sulphate 

(44%), soil (20.1%), light-absorbing carbon (18.7%), unexplained particulate fine mass 

(11.2%), sea salt (5.2%), and other aerosols (3.7%; 0.5 µg/m3) contribute to PM2.5 .  

The paper demonstrated that useful source apportionment results could be obtained in the 

absence of complete chemical composition data with the Positive Matrix Factorization model. 

The PMF analysis identified primary and secondary sources contributing to observed ambient 

PM2.5 concentrations in Cape Town. Identified source types and average PM2.5 contribution 

were traffic emissions (15.7%),  sea salt (21.8%), sulphate/Marine diesel (3.6%), 2-stroke 

vehicles/galvanizing (16.8%),   heating/ biomass burning/cooking  (15.7%), and soil/road dust 

(12.3%). 

Biomass burning were consistent with other south African cities and confirmed that coal 

combustion was the main ingredient for residential cooking, heating, or recreational 

barbequing events, hence the high winter contribution from this source. Sulphate in Cape 

Town was mainly associated with primary sulphate from diesel vehicle and biogenic sulphate 

and methane sulfonic acid from marine phytoplankton, than photochemical reaction of SO2 

from coal combustion industries. Soil and road dust transport and re-suspension, and sea 

sprays were also important local PM2.5 sources in this mediterranean climate city.  

Most of the aerosol factors were largely depending on local source (biomass 

burning/cooking/heating, sea salt, traffic emissions, 2-stroke vehicles/galvanizing industries, 

and sulphate) with episodic regional source contributions. Thus, combining model indicate 

that both local and long-range transport strongly influence air quality in Cape Town.  

The findings present opportunities for air quality management and source mitigation strategies 

at different levels of operations. Best practices can be implemented locally to reduce local 

sources and episodic regional levels of biomass burning, traffic emission, precursor emission 

of sulphate. Furthermore, recognition and collaboration are needed to address the long-range 

transport sources of soil and road dust.  
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