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Abstract

Air quality is a key priority in environmental policy agendas worldwide, yet rapid urban
growth in developing countries disproportionately affects urban air quality. In sub-Saharan
Africa, the spatial and temporal dynamics of key pollutants remain underexplored. This
knowledge gap limits the ability to understand how pollution hotspots emerge, how they
shift over time, and how they interact with the broader planetary processes such as climate
change. This study analysed the spatial distribution of ozone (O3) and carbon monoxide
(CO) hotspots in Diepkloof and Klieprivier townships, Johannesburg, South Africa, using
data from 2019 to 2023 obtained from air quality monitoring stations. Spatial patterns
were mapped using Inverse Distance Weighting (IDW) interpolation in a Geographic
Information System (GIS), and meteorological influences were assessed through multiple
linear regression. Results showed distinct spatial trends: Diepkloof experienced a decrease
in O3 from 23 ppb to 16 ppb, whereas Klieprivier remained stable but exhibited marked
seasonal variation, peaking at 30 ppb in spring. Wind speed, wind direction, and humidity
were significant predictors (p < 0.05) of both CO and Os. In Klieprivier, meteorological
factors explained 54.2% of Os variability, with temperature being the strongest predictor.
These findings provide valuable insight into pollutant behaviour in urban townships and
highlight the importance of integrating spatial analysis with meteorological modelling for
targeted air quality management.
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1. Introduction

Air pollution is a significant planetary health issue that poses an environmental man-
agement challenge and has a direct impact on the health of human populations, climate
stability, and ecosystem integrity. This is problematic given that is a global challenge affect-
ing both developed and developing countries, with urban areas particularly vulnerable due
to rapid population growth, urbanization, and increased emissions from transportation,
industry, and residential activities [1]. These emissions contribute to environmental degra-
dation, global warming, and adverse health impacts. Among the pollutants of concern, O3
and CO are recognized by the World Health Organization as two of the six “classic” air
pollutants due to their serious public health effects and roles in atmospheric processes [2].
Surface-level Oj is linked to respiratory illnesses and approximately 1.2 million adult
deaths annually [3], while CO poses risks to cardiovascular and neurological health.

Air quality monitoring stations remain the accurate means of measuring pollutant
concentrations, yet their limited spatial coverage can miss local variability [4,5]. Previous
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studies have emphasized the importance of optimizing sensor placement and improving
spatial representativeness to accurately capture pollution patterns [5,6]. However, many
high-emission, densely populated areas, especially in developing regions, remain under-
monitored, leading to gaps in pollution assessment and management [7,8].

Despite advancements in air pollution monitoring and modelling globally, existing
studies often suffer from several limitations, especially in developing regions. Many rely
on sparse monitoring networks that lack sufficient spatial resolution to capture localized
pollution variability, particularly within informal settlements and rapidly changing urban
landscapes [9,10]. Additionally, previous research focuses on broad regional or national
scales, neglecting the fine-scale spatial and temporal dynamics critical for effective local
exposure assessment and intervention planning [11,12]. Moreover, few studies integrate
meteorological factors with spatial interpolation methods to elucidate the drivers behind
pollutant variability over extended periods. This is especially true for African urban
contexts, where industrialization, traffic emissions, and biomass combustion coexist, yet
detailed longitudinal analyses remain scarce [13,14]. Consequently, these gaps limit under-
standing of pollution hotspots, temporal trends, and the interplay between environmental
and meteorological influences, restricting the effectiveness of air quality management
policies in vulnerable urban townships.

Geographic Information Systems (GISs) and spatial interpolation methods offer valu-
able tools for mapping pollutant distributions and addressing these coverage gaps [12].
They allow the integration of environmental and meteorological data to model pollutant
variability, even in areas with limited monitoring [13]. While studies in Europe and North
America have applied spatial regression models to assess pollutant variation and long-term
trends [14,15], research in African cities, including Johannesburg, remains scarce [16]. This
knowledge gap limits the ability to understand how pollution hotspots emerge, how they
shift over time, and how they interact with broader planetary processes such as climate
change. Moreover, communities in the informal settlements of urban areas frequently expe-
rience greater levels of exposure due to their close proximity to industrial zones and high
traffic density; this is problematic since the air pollution is linked with social determinants
of health.

Similarly, Diepkloof and Klieprivier were selected for this study due to their proximity
to industrial zones, high traffic density, and biomass combustion in informal settlements
factors likely to influence O3 and CO levels. This study analyses five years of monitoring
station data to examine the spatial and temporal variability of these pollutants, identify
hotspots, and evaluate meteorological influences. The findings aim to inform personal
exposure assessments, guide air quality management strategies, and assist policymakers in
optimizing monitoring networks for urban townships.

Despite global advances in air pollution monitoring and spatial modelling, there
remains a lack of detailed, long-term spatial and temporal analyses of ozone and carbon
monoxide in rapidly urbanizing African townships. This knowledge gap hinders effective
exposure assessment and targeted air quality management in vulnerable communities.
By conducting a five-year study (2019-2023) combining Geographic Information Systems-
based spatial interpolation with statistical modelling of meteorological factors, this research
provides critical insights into pollution hotspots and temporal trends in Diepkloof and
Klieprivier. This addresses the gap in localized air quality data and supports evidence-
based policymaking for sustainable urban environmental health.
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2. Methodology
2.1. Study Area

This study was conducted in Diepkloof and Klieprivier, which are found in the Johan-
nesburg metropolitan area, as shown in Figure 1. Diepkloof is situated at approximately
26°15'14" S 27°56/02" E, 15 km southwest of Johannesburg Central Business District (CBD);
this is one of the oldest townships of South Africa, and it is mostly known for its mixture of
industrial zones such as the Orlando Power station (Twin towers), Adendorf machinery
Mart, SASKO Aerton Bakery, and the congested vehicle traffic from the M79 highway
and N17 road. This is an urban residential area that has high concentration of informal
settlements [17]. It is bounded by four major roads and covers an area of 250,218 km?,
divided into six zones with a population density of approximately 9800 people according
to census 2011 [18,19]. Diepkloof is 16.36 km away from the mine which could affect the
quality of air for people living in this township. Klieprivier is found on the southern
periphery of Johannesburg at 26°21'18” S 28°04'52" E; it is approximately 25 km away from
Johannesburg CBD and 31.24 km away from Diepkloof. The same as Diepkloof, it is also
affected by congested vehicle traffic from major roads. While the area is less urbanized
compared to Diepkloof, it consists of a mix of both rural and peri-urban characteristics,
with land use dominated by agricultural activities, such as dairy farms. Based on the 2011
census data, Klieprivier in Gauteng province had a population of 179 residents across
seventy households, covering an area of 10.34 km?, resulting in a low population density of
approximately 17.3 people per km?. The air quality might be affected by the nearby mine
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Figure 1. Map showing the location of Diepkloof and Klieprivier townships in Johannesburg,
South Africa.

Both townships experience a climate of warm summers, with average temperatures
of 25 °C, and mild winters, with a temperature average of 12 °C, which influences the
meteorological conditions and the pollutants” dispersion pattern. Supplementary Figure S2
displays the average summer and winter temperatures for both Diepkloof and Klieprivier.
Despite global advances in air pollution monitoring and spatial modelling, there remains a
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significant lack of detailed, long-term spatial and temporal analyses of ozone and carbon
monoxide in rapidly urbanizing African townships. This knowledge gap hinders effective
exposure assessment and targeted air quality management in vulnerable communities.
By conducting a five-year study (2019-2023) combining Geographic Information Systems-
based spatial interpolation with statistical modelling of meteorological factors, this research
provides critical insights into pollution hotspots and temporal trends in Diepkloof and
Klieprivier. This addresses the gap in localized air quality data and supports evidence-
based policymaking for sustainable urban environmental health.

2.1.1. Air Quality Data

Five years of air quality data for CO and O3 was requested from the South African
Air Quality Information System (SAAQIS) (https:/ /saaqis.environment.gov.za/). This
website is operated by the Department of Environmental Affairs, and it provides real-time
air quality data. The study period was five years, from 2019 to 2023. A 24 h average
was used to measure all the pollutants from the monitoring stations in Diepkloof and
Klieprivier. The data collected provided a picture of the areas that have high industrial
activities and vehicular emissions. Purposive sampling was used in this study through
the selection of two monitoring stations amongst other stations that are found within
the city of Johannesburg. The selected stations were within a 20 km radius from the
Johannesburg CBD; this radius ensured that the selected stations capture both urban and
peri-urban emission characteristics of Klieprivier that are relevant to the study area while
maintaining the proximity to emission sources like industrial activities, traffic-dense zones,
and household combustion areas [21,22].

This offered a broad industrial, residential, and urban area coverage. The dataset
consists of daily averages of CO and O3 over a period of five years, which amounts to
more than 18,250 observations. This dataset allowed for spatial and temporal analysis
of pollutant trends. In this study, the data collected from the monitoring stations were
consistent and continuous daily measurements of CO and O3 from 2019 to 2021.

2.1.2. Meteorological Data

A five-year dataset (2019-2023) of meteorological parameters such as wind speed,
wind direction, temperature, humidity, and rainfall were requested from the South African
Weather Service. These parameters are crucial for understanding the dispersion and
transportation of CO and O3 in Diepkloof and Klieprivier townships. Air quality data
and meteorological data were both aligned to obtain exact modelling of the atmospheric
influence on pollutant concentrations.

2.2. Data Analysis

For spatial analysis, GIS tools such as QGIS were used to interpolate pollutant con-
centrations across Diepkloof and Klieprivier. Spatial interpolation techniques such as IDW
were applied to create continuous surface maps that visualize pollutant concentration
gradients. IDW is a spatial interpolation method which assumes that points on a map
that are closer together are more alike than those that are further apart [23]. It is a good
technique for this study as it helps to estimate the values of locations that do not have data;
however, their spatial distribution is required. By using known measurement, IDW can
predict the unknown location’s measurements. It assigns higher weights to points that are
nearby and then calculates the predicted values based on the average of the weighted neigh-
bouring measurements. IDW is used in air pollution studies to estimate the concentration
of pollutants in areas where monitoring stations are sparse [24].

On the other hand, Ordinary Kriging, which is a geostatistical interpolation method,
was used to create continuous surface maps that visualize pollutant concentration gradients.
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This method was implemented in QGIS 3.22 using default semi-variogram parameters,
and it provides the predictions and measures the uncertainty of those predictions [25]. By
integrating both methods, we can easily compare their outputs, which ensures reliability
and robustness of spatial interpolation. This approach minimizes biasedness that might
occur when only one method is used [26]. Kriging is a geostatistics interpolation method
that calculates the distance and degree of variation between the points that are known
when estimating values of unknown points [27]. Both IDW and Kriging methods were
evaluated using cross-validation techniques calculating error metrics, such as Root Mean
Square Error and Mean Absolute Error. The cross-validation results indicated that Kriging
generally yielded lower RMSE and MAE values, reflecting higher prediction accuracy and
better modelling of spatial variability, especially in areas with high pollution variability.
Conversely, IDW demonstrated competitive performance in locations with sparser data
and smaller datasets, producing smooth and reliable concentration surfaces. By integrating
both interpolation methods, this study balances the strengths of each approach, namely
Kriging’s superior uncertainty quantification and IDW'’s effectiveness with limited data,
thereby minimizing bias and improving the robustness of pollutant distribution mapping.

Kriging is one of the top-performing methods in pollution studies, mostly in studies
where variables are affected by local meteorological and emission sources [28]. IDW and
Kriging were selected because of their accuracy in different air pollution studies. IDW was
chosen for its ability to manage small datasets and the ability to produce smooth pollutant
concentration maps, while Kriging’s strength is in modelling spatial variability in the data.
Different studies have successfully utilized IDW and Kriging in air pollution research.
Ref. [29] modelled NO, and PM; 5 concentrations in an urban area, demonstrating how
effective IDW is when it comes to generating spatial predictions that are dependable.

Ref. [30] IDW and Kriging were compared, and Kriging outperformed IDW in cer-
tain areas that had high variability in pollutant levels. Ref. [7] predicted CO hotspots in
industrial areas using Kriging, which highlighted how it is suitable for analysing how me-
teorological patterns influence pollution pattern. Kriging was successfully implemented to
model the dispersion of Os; it was found to provide the most accurate and reliable estimates
among interpolation methods after reviewing different techniques for interpolation, and
it was concluded that IDW is best in small-scale environmental studies, whereas Kriging
can cover large-scale areas because of its ability to quantify uncertainty [19,22,28]. As a
result of limited spatial representativeness due to lack of air quality monitoring stations in
Diepkloof and Klieprivier, IDW was selected because it is effective to estimate pollutant
concentrations, while Kriging was chosen because it can quantify spatial uncertainty and
improve prediction accuracy; through the integration of both these techniques, we ensure
that bias is minimized while improving reliability of pollutant distribution maps.

Ref. [31] Moran’s I statistics calculates the degree of spatial clustering of different
pollutant levels. Because of its ability to quantify the degree of spatial clustering of pollutant
levels, it was also used to determine the spatial patterns of pollutants whether they are
randomly distributed or not. It also identified any spatial dependencies between CO and
O3 concentrations. The Getis-Ord Gi statistic is a spatial statistic that finds clusters of high
and low values in a dataset; it calculates the z- score and p-value for each grid cell and
compares sum of values [1,4,7]. It was used to find statistically significant hotspots where
pollutant concentrations were higher than those in surrounding areas. This combination of
methods ensured the exact mapping of areas with elevated pollutant concentrations.

The calculation of Moran’s I statistic (Equation (1)) and its expected value and vari-
ance (Equations (4) and (5)) follow the formulation by [32,33], which are widely used to
quantify spatial autocorrelation in environmental data. The Moran'’s I statistics for spatial
autocorrelations is given as
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I=(n/Sp) * (Y i=1" Y j-1" wi,jziz)/(Yi-1" z%) D

where z; is the deviation of an attribute for feature i from its mean (x; — X), wi, j is the
spatial weight between feature i and j, n is equal to the total number of features, and S is
the aggregate of all the spatial weights:

So=)i-1") j-1" Wi j (2)

The zI-score for the statistic is computed as

zI = (I — E[I])/+/V[I] 3)

where
E[ll=-1/(n—1) (4)
V[I] = E[I?] — E[I]? (5)

A time series was used for calculating and analysing a sequence of data points collected
over a period. It was also used to decompose pollutant concentration data into different
trends, seasonal variations, and residual fluctuations, which are useful in identifying long-
term trends, seasonal patterns, and any anomalies in the concentration of CO and O3. To
explore the relationship between pollutant hotspots and environmental factors such as
proximity to industrial zones, traffic density, and meteorological conditions, correlation
and regression were calculated and analysed. Ref. [34] defined correlation as a statistical
measure that calculates how two or more variables are linearly related; it examines the
relationships between pollutant levels, the proximity to industries, the traffic densities,
and meteorological conditions. Ref. [35] defined regression as a statistical measure that
determines how strong the relationship is between a dependent variable and independent
variables. In this study, multiple linear regression was used to identify key drivers of
CO and O3 pollution, including temperature, humidity, rainfall, and wind speed. These
models provided insights into the key drivers of O3 and CO pollution in Diepkloof and
Klieprivier. Missing data were addressed using linear interpolation for short gaps, while
longer missing periods were excluded to maintain data integrity. Outliers were identified
using the interquartile range (IQR) method and were further examined before excluding
values deemed as measurement errors or physically implausible. This pre-processing step
ensured the robustness and reliability of our spatial and statistical analyses. All statistical
investigations were conducted using the Statistical Package for the Social Sciences (IBM
SPSS Statistics) software version V30.0, with statistical significance set at p < 0.05. Results
were presented with 95% confidence intervals, ensuring the robustness of the findings.

3. Results
3.1. Spatial Distribution of CO and O3

Figure 2A-E depict the spatial distribution of CO across Diepkloof township from
2019 to 2023. In Figure 2A, CO concentration in 2019 ranged from a low of 94 ppb to a
high of 1206 ppb. In 2020, Diepkloof recorded a low concentration of 187 ppb and a high
concentration of 1300 ppb. These high concentrations were seen in Zone 1 and parts of
Zones 2, 3, and 4. Zone 6 depicted low concentrations, while a moderate concentration was
observed in Zones 5 and 6, which can be estimated around 500 ppb. These moderate levels
could result from lower emission sources and the availability of open spaces in Zone 5.
In 2021 and 2022, the concentration pattern did not change; Zone 1 and other parts of
Zones 3 and 4 were depicted as hotspots shown by the red colour in the maps, with the
concentrations ranging from a low of 126 ppb to a high of 1135 ppb. Figure 2E depicts
concentrations for the year 2023; there was a decrease in the concentrations of CO, with the
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levels ranging from a low of 39 ppb to a high of 987 ppb. Hotspots areas also diminished in
part of Zone 2 and are only visible in portions of Zones 1, 3, and 4. This decrease in CO
concentrations could be a result of the adopted practices of cleaner energy use and the Just
Energy Transition (JET), which was implemented in August 2022 [36].

A A Diepkloof carbon monoxide in 2019 B Diepkloof carbon monoxide in 2020

Diepkloof carbon monoxide concentration levels
High: 1300 ppb
Low: 30 ppb

[ Diepkloof Township

4 km

m o
N)

A C Diepkloof carbon monoxide in 2021 D Diepkloof carbon monoxide in 2022

Diepkloof carbon monoxide concentration levels

High: 1300 ppb
Low: 30 ppb

[ Diepkloof Township
0 2 4 km

Figure 2. Cont.
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E Diepkloof carbon monoxide in 2023
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Figure 2. Cont.
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A I Diepkloof ozone in 2022 J Diepkloof ozone in 2023

Diepkloof ozone concentration levels
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Figure 2. Carbon monoxide spatial distribution map for Diepkloof (A-E) and ozone spatial distribu-
tion map for Diepkloof (F-J) 2019 to 2023.

Overall, maps from 2019 to 2023 indicate that high concentrations of CO, which are
represented by red, are consistent in Zones 1, 2, and 3. This could result from the proximity
of identified hotspots to sources of emissions, such as the Orlando Power Station (Twin
Towers), which are located at approximately 1.49 km from hotspots. Other emission sources
around hotspots include the Bara taxi rank and Chris Hani Baragwaneth hospital, which
could contribute to elevated levels of CO in this area. These concentrations are higher
compared to those reported in other studies conducted in different regions of South Africa.
For example, a study conducted in the urban area of Tshwane found an annual mean CO
concentration of 630 ppb [37].

Figure 2F-] depict the spatial distribution of O3 concentrations across Diepkloof
township from 2019 to 2023. In Figure 3F,G, the concentrations of 2019 and 2020 ranged
from a low of 3 ppb to a high of 49 ppb, with 2019 showing a large portion of areas
that have lower concentrations compared to other years, whereas Zone 1 and parts of
Zones 2 and 3 were identified as hotspots. From 2020 to 2023, the area was dominated by
higher concentrations, which could result from high traffic volumes from the M17 highway,
the Bara taxi rank, and the surrounding industries. In Figure 2H, representing the year
2021, the concentrations of O3 ranged from a low of 5 ppb to a high of 47 ppb. In this year,
most parts of Zone 1 to Zone 4 were depicted as hotspots shown by the red colour on the
map; while Zone 6 displayed lower concentrations, a substantial portion of Diepkloof was
characterized by high O3 levels. The shift observed in O3 concentration patterns between
the years 2021 and 2022 was attributed to the aftermath of the COVID-19 lockdown period.
This resulted from reduced human activities in 2020 and early 2021. As the restrictions
eased in late 2021 into 2022, human activities could have caused an increase in ozone levels
in the area. This is evident in global observations showing that post-lockdown air pollution
levels started to increase [38].

Figure 2I depicts the concentration of Oz in 2022, with the levels of concentration
ranging from a low of 5 ppb to a high of 56 ppb. Zone 2 is a consistent hotspot alongside
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A

A Kiieprivier carbon monoxide in 2019

portions of Zones 5 and 6. By the year 2023, as shown in Figure 2], few O3 hotspots
had diminished; high concentrations are still visible in most parts of Zones 1, 2, 3, and 4.
Approximately 70% of Diepkloof in 2023 was covered by high concentrations, while only
30% depicted lower concentrations.

The reduction in hotspots in the small portions of Diepkloof could be linked to the
emission control by the Department of Environmental Affairs and the adoption of cleaner
energy sources altogether, with increased public awareness. Meteorological conditions such
as increased rainfall, which has resulted in flooding in most of the places, may contribute to
dispersing ozone pollutants, resulting in lower concentrations in some parts of Diepkloof.

In 2020, Figure 3G depicts an increase in CO concentrations, which ranged from a
low of 150 ppb to a high of 1564 ppb. Points 1, 4, and 8 remained consistent hotspots.
Approximately 60% of Klieprivier displayed low-moderate CO concentrations, while 40%
displayed high concentrations. The rise in CO levels during this period might be linked to
increased industrial activities and higher traffic volumes. By 2023, as depicted in Figure 31,
CO concentrations ranged from 100 ppb to 1389 ppb. There is a clear spatial pattern which
includes Points 1, 4, and 8, which are consistent hotspots throughout the years. Overall,
the variation in CO concentrations across Klieprivier from 2019 to 2023 can be linked to
the influence of factors such as traffic emissions, urban development, and the effectiveness
of local air quality management practices. Local household combustion may also be a
contributing factor.

B Kiieprivier carbon monoxide in 2020

Klieprivier carbon monoxide concentration level
High: 1300 ppb
Low: 30 ppb

[J Klieprivier Township

0 4 8 km

Figure 3. Cont.
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C Klieprivier carbon monoxide in 2021 DKIieprivier carbon monoxide in 2022
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Figure 3. Carbon monoxide spatial distribution map for Klieprivier (A-E) and ozone spatial distribu-
tion map for Klieprivier (F-J) 2019 to 2023.

Figure 3A-E depict the spatial distribution of CO concentration across Klieprivier
township from 2019 to 2023. In Figure 3A, the concentration of CO in 2019 ranged from a
low of 103 ppb to a high of 1300 ppb. High concentrations were displayed at Points 4 and 6,
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which were identified as hotspots and depicted in red. Approximately 80% of Klieprivier
depicted low concentrations of CO, while the remaining 20% displayed high concentrations.
High concentrations of pollutants are often linked to proximity to industrial areas, vehicular
emissions, and fossil fuel combustion [38,39]. Conversely, areas with lower pollution levels
are characterized by lower population densities and fewer industrial activities [7,13,40].

In 2020, as depicted in Figure 3B, CO concentrations ranged from a low of 103 ppb
to a high of 1277 ppb. Point 4 was displayed as a primary hotspot, while Points 1 and 8
displayed moderate concentrations. Only a small part of Klieprivier displayed low concen-
tration values. The hotspot at Point 4 could be attributed to nearby industrial operations
or increased traffic flow, while moderate concentrations at Point 1 and 6 could be linked
to emissions from local areas, such as household combustion. Figure 3C presents CO con-
centrations for 2021, which ranged from 199 ppb to 1121 ppb. Point 4 remained consistent
hotspots, with Points 1 and 6 being partial hotspots from 2020. The overall concentration
pattern resembles that of 2020; however, there is a slight increase in high concentrations
and hotspots. This increase could be linked to emissions and increased industrial activities;
alternatively, this increase in concentration could be linked to the easing of lockdown
restriction post the COVID-19 lockdown.

Figures 2] and 3F-I depict the spatial distribution of O3 concentrations across Kliepriv-
ier township from 2019 to 2023. In Figure 3F, the concentration of O3 ranged from a low of
6 ppb to a high of 47 ppb; high concentrations were displayed at Points 1, 4, and 6, which
are hotspots depicted in red. In 2020, as depicted by Figure 3G, O3 concentrations ranged
from a low of 8 ppb to a high of 38 ppb. Point 1 is the only hotspot present depicted by a red
colour, with Points 4 and 6 showing moderate concentrations, while Points 2, 3, and 7 show
average to moderate concentrations. Figure 3H presents O3 concentration for 2021, with a
low concentration of 7 ppb and a high of 49 ppb, Points 1, 4, and 6 are hotspots depicted by
a red colour. Conversely, Points 2, 3, 5, and 7 display low concentrations displayed by a
yellow-green colour.

Figure 31 shows the concentrations for Klieprivier in 2022; the concentrations ranged
from a low of 6 ppb to a high of 54 ppb, and Point 1 remained a consistent hotspot.
Conversely, Points 2, 3, 5, and 7 are consistent with low concentrations of O3 There is
a clear pattern of decreasing in concentration from 2020 to 2022, which could be linked
to the adoption of clean energy policies by industries and public awareness about the
consequences of fuel combustion. In Figure 3], the concentration of Oj3 is displayed with
a slight increase in high concentration, with a low of 6 ppb and a high of 53 ppb. The
distribution pattern continues from 2020, with Point 1 being a consistent hotspot and Point
4 remaining a partial hotspot, thereby resembling the pattern of 2020. Points 2, 3, 5, and 7
were covered in low concentrations, covering most of the area with lower concentrations
for 2023. These O3 concentrations in Diepkloof and Klieprivier are within the standard set
by the South African National Ambient Air Quality Standards (NAAQS) of 61 ppb.

3.2. Temporal Trends of Carbon Monoxide (CO) and Ozone (O3)
Temporal Trends for Carbon Monoxide (CO) in Diepkloof and Klieprivier

Figure 4A,B show the annual trends of CO and O3 concentrations for both townships
from 2019 to 2023. The results shows that Klieprivier recorded higher level of CO in 2022
(631 ppb) and 2020 (581 ppb) contrary to 2021, which recorded a lower level of 497 ppb.
This temporal variation can be attributed to the lockdown period during COVID-19 during
which there were minimal activities taking place. Moreover, the temporal variation in
ozone has seen a sharp decline during COVID-19 period and post-COVID-19, a downward
trend is observed in both Diepkloof and Klieprivier. Klieprivier maintained a decreasing
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trend for CO concentrations, ending at 531 ppb in 2023 compared to its initial level of in
2019 (581 ppb).

Annual Trend of CO Levels (2019—2023) for Diepkloof and Klieprivier
Annual Trend of O3 Levels (2019—2023) for Diepkloof and Klieprivier

—e~ Dieokloof CO
0o —e- Kiipriviers CO

24

s00F 2 R

Mean CO Concentration (ppb)
o e
Mean O3 Concentration (ppb)
.
«

2019 2020 2021 2022 2023 16 1
Year 2018 2020 2021 2022 2003
Yoar

(A) (B)

Figure 4. Diepkloof and Klieprivier annual trends (A,B) and seasonal trends (S1) (2019-2023).

Supplementary Figure S1A,B present the seasonal analyses of CO and O3 concen-
trations in Diepkloof and Klieprivier from 2019 to 2023. Both Diepkloof and Klieprivier
recorded the lowest concentration in summer (411 ppb and 432 ppb). In both townships,
CO concentrations increased during the autumn and winter. Diepkloof showed an increase
to 532 ppb in autumn and 651 ppb in winter. These seasonal increases could be attributed
to temperature inversions which happens in colder months, trapping pollutants near the
ground [41]. Fuel combustion, which increases in winter, can also contribute to elevated
levels of pollutants [42]. However, the concentration of both townships declined in spring
to 487 ppb in Klieprivier and 503 ppb in Diepkloof, which could be attributed to a decrease
in household combustion as temperatures rise in warm seasons [43].

For O3, Diepkloof depicted the lowest concentration of 17 ppb in both summer and
autumn. While Klieprivier showed higher concentrations of 30 ppb in spring and 25 ppb
in summer, this difference suggests that Klieprivier experiences greater photochemical
activity during summer compared to Diepkloof. In winter, O3 concentrations increased
to 20 ppb in Diepkloof and decreased slightly to 17 ppb in Klieprivier; this could be due
to higher NOx levels from combustion [44]. Higher NOx levels in Diepkloof might be
based on NOx being a key precursor for O3 formation through photochemical reactions. It
is assumed that Diepkloof, being a more densely populated township with higher traffic
volumes and combustion-related activities, could contribute to high NOx emissions. Also,
the type of fuel combustion processes, such as older vehicle engines and residential fuel
use, could influence NOx levels. The highest concentrations of O3 for both townships were
recorded in spring, with a peak of 26 ppb in Diepkloof and 30 ppb in Klieprivier. These
increases could be due to the increased photochemical reactions combined with emissions
from industrial and agricultural activities that are found in these townships.

Higher levels in spring could be because of increased precipitation and cloud cover
during summer which may reduce sunlight intensity, which will limit the photochemical
reactions necessary for the formation of O3, Klieprivier recorded higher seasonal concentra-
tions of both CO and O3 compared to Diepkloof; this could be the influence of the industries
and agricultural activities that are found in Klieprivier (Supplementary Figure S1). The
seasonal trend shows that elevated levels of CO were recorded in winter in both townships
because of combustion that occurs in this season, while spring had peak concentrations of
O3 due to increased temperatures, which catalyse photochemical reactions.
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In contrast to studies conducted in Gauteng and Mpumalanga, where O3 levels in
Mpumalanga exceeded the South African 8-hour ozone standard of 61 ppb, the 8 h mean
O3 concentration in Tshwane was 17 ppb, which complied with the National Ambient
Air Quality Standards (NAAQS). Another study conducted in Cape Town found the
highest O3 concentrations at the remote Cape Point site and the lowest at the suburban site
of Goodwood [22,45,46].

3.3. Correlation Analysis of CO, O3, and Meteorological Parameters
Correlation Between Diepkloof’s CO and Meteorological Parameters

Table 1A shows the relationship between O3 levels in Diepkloof and different meteoro-
logical parameters. There is a weak positive correlation between O3 and temperature, and
the relationship is statistically significant (r = 0.292, p < 0.001). This indicates that higher
temperatures may enhance the formation of O3z; however, the weak correlation suggests
that temperature alone is not a strong predictor. There is a moderate positive correlation
between O3 and wind speed (r = 0.329, p < 0.001), implying that increased wind speeds
might contribute to O3 formation, though other factors may also play a role. Both humidity
and wind speed display statistically significant relationships (p < 0.001), with humidity
showing a weak negative correlation (r = —0.312) and wind speed showing a moderate
positive correlation (r = 0.329). Rain shows a very weak negative correlation (r = —0.046,
p = 0.620), showing little to no linear relationship between rainfall and O3 levels.

Table 1B shows the Pearson correlation between CO levels in Diepkloof and different
meteorological parameters. The correlation between CO and temperature is weak and
negative (r = —0.224, p < 0.001), meaning that when temperature increases, CO levels tend
to decrease, though the weak correlation suggests other factors are more influential. CO
and wind speed show a weak negative correlation (r = —0.229, p < 0.001), showing that
as wind speed increases, CO levels decrease due to dispersion. CO and humidity display
a weak negative correlation (r = —0.267, p < 0.001), suggesting that higher humidity may
contribute to lower CO concentrations.

There is a weak positive correlation between CO and wind direction (r = 0.083,
p = 0.353), and the relationship is not statistically significant, suggesting that wind di-
rection has little to no linear effect on CO levels. Lastly, there is a weak negative correlation
between CO and rain (r = —0.058, p = 0.547), showing no significant relationship. Although
wind speed, humidity, and wind direction show statistical significance at p < 0.05, their
weak correlation values suggest they explain only a small fraction of the variability in CO
levels, meaning they may not be strong predictors.

Table 1C shows the relationship between Oj levels in Klieprivier and different mete-
orological parameters. Temperature has a strong positive correlation with O3 (r = 0.662,
p < 0.001), suggesting that higher temperatures significantly contribute to O3 formation.
Wind speed also has a moderate positive correlation that is statistically significant (r = 0.342,
p < 0.001), showing that wind speed plays a role in O3 dynamics. Humidity has a weak
negative correlation (r = —0.225, p = 0.003), suggesting a slight inverse relationship. Wind
direction has a weak positive correlation (r = 0.077, p = 0.387), which is not statistically
significant. Lastly, rain has shown a weak negative correlation that is statistically significant
(r=—0.133, p < 0.001), implying that rainfall might slightly reduce O3 concentrations.

Table 1D demonstrates the relationship between CO levels and various meteorological
parameters in Klieprivier. A moderate and statistically significant negative correlation
occurs between temperature and CO levels (r = —0.465, p < 0.001 *), implying that higher
temperatures are associated with lower CO concentrations. There is a weak to moderate
negative correlation between wind speed and CO levels (r = —0.265, p < 0.001 *), suggesting
that wind plays a role in dispersing CO, though its influence is limited. This suggests that
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these factors may play a secondary role in influencing CO levels rather than being primary
predictors. It is important to note that although several correlations between meteorological
parameters and pollutant levels are statistically significant (p < 0.05), many exhibit weak
correlation coefficients (r < 0.3). Such weak correlations indicate these factors explain only a
small fraction of the variability in pollutant concentrations. Therefore, caution is warranted
in interpreting these relationships, as pollutant dynamics are influenced by a complex
interplay of multiple factors beyond the linear associations detected here.

Ref. [30] conducted a study in Tehran which supports this observation, showing that
CO levels are higher in colder months and decrease as the temperature increases due
to warm conditions catalysing photochemical reactions that reduce CO concentrations.
Ref. [47] conducted a study in Port Harcourt that highlights the role of wind speed in
reducing CO concentrations during wet seasons, aligning with the observed negative
correlation between wind speed and CO due to increased dispersion mechanisms.

Table 1. Pearson correlation relationship between CO, O3, and meteorological parameters in Diep-
kloof O3 (A), CO (B) with Klieprivier O3 (C) and CO (D). The double asterisk (**) almost always
means p < 0.01, while the single asterisk (*) typically means p < 0.05.

(A) (B) © (D)
Diepkloof Diepkloof Klieprivier Klieprivier
O; (ppb) CO (ppb) O; (ppb) CO (ppb)
) Pearson ™ B ™ S Pearson ™ B ™
Diepkloof Cor-relation 0.292 0.224 Klieprivier Cor-relation 0.662 0465
Temperature - - Temperature - -
Sig. (2-tailed) <0.001 <0.001 Sig. (2-tailed) <0.001 <0.001
) Pearson ™ B ™ S Pearson ™ B ™
Diepkloof Cor-relation 0.329 0.229 Klieprivier Cor-relation 0.342 0.265
Wind Speed - - Wind Speed - -
Sig. (2-tailed) <0.001 <0.001 Sig. (2-tailed) <0.001 <0.001
Pearson " Pearson « "
Diepkloof Cor-relation —0.312* —0.267% Klieprivier Cor-relation —0.225™ —0.211*
Humidity - - Humidity - -
Sig. (2-tailed) <0.001 <0.001 Sig. (2-tailed) <0.001 <0.001
Diepkloof Pearson 0.238 ** 0.083 ** Klieprivier Pearlsor.‘ 0.077 ** —0.029
Wind Cor-relation Wind Cor-relation
Direction Sig. (2-tailed) <0.001 <0.001 Direction Sig. (2-tailed) 0.001 0.212
Pearson Pearson .
Diepkloof Cor-relation —0.046 —0.058* Klieprivier Cor-relation 0.017 —0.126*
Rainfall - Rainfall - -
Sig. (2-tailed) 0.050 0.013 Sig. (2-tailed) 0.480 <0.001

Table 2A displays the regression models for CO in Diepkloof; there is a weak positive
relationship between CO and meteorological parameters shown by an R-value of 0.193,
and there is a slight variation of 3.7% in CO concentrations that can be explained by
meteorological conditions (R? = 0.037). The ANOVA test for CO in Diepkloof showed that
the model is statistically significant (p = 0.004). Table 2C displays the Klieprivier CO model,
which yielded a weak to moderate positive relationship with R-value of 0.396. Only 15.6%
(R? = 0.156) of the variability in CO levels can be ascribed to meteorological parameters in
Table 2C. The relationship between CO level and meteorological parameters in Klieprivier
is statistically significant with a p-value < 0.001.

The low R? values observed in the CO regression models (e.g., 3.7% in Diepkloof and
15.6% in Klieprivier) indicate that meteorological variables explain only a small fraction of
the variability in CO concentrations. This suggests that other factors such as local emission
sources, traffic patterns, and biomass burning likely have a stronger influence on CO levels.
Such low explanatory power is common in air pollution modelling due to the complex
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Frequency

Frequency

interplay of multiple variables affecting pollutant concentrations. Therefore, while the
statistically significant relationships highlight the role of meteorological conditions, caution
is needed when interpreting these models, and further studies incorporating additional
variables and source apportionment methods are recommended to better understand CO
dynamics in these urban townships.

Table 2B depicts the Diepkloof O3 regression model; an R-value of 0.6574 indicates that
there is a moderate positive relationship between O3 levels and meteorological parameters.
The R? value of 0.329 indicates that only 32.9% of the variability in O3 concentrations can
be ascribed to meteorological parameters. Table 2D shows that the relationship between
O3 and meteorological parameters in Klieprivier is statistically significant with (R = 0.577,
p <0.001).

To evaluate model assumptions, we examined the standardized residuals for each
regression model (Figure 5). The histogram displays the regression model for CO in
Diepkloof; the model suggests that CO levels in Diepkloof are normally distributed. Table 1
displays the regression model for O3 in Diepkloof, which suggests that residuals for O3
levels are normally distributed. Similarly, Table 1 shows the histogram for Klieprivier CO
and O3 levels. Both models suggest that CO and Oj levels in Klieprivier are normally
distributed. All the ANOVA results showed a p-value of less than 0.005, which indicated
that the regression models are statistically significant, meaning that, overall, meteorological
parameters have a significant effect on CO and O3 concentrations in both townships. From
the regression models, O3 is better predicted by meteorological parameters than CO. There
is a similar trend that is displayed by both locations: the R and R-square values for O3
at Diepkloof and Klieprivier are close to each other, and the same applies to the R and
R-squared vales for CO.

Histogram Histogram
Dependent Variable: Diepkloof CO (ppb) Dependent Variable: Diepkloof 03 (ppb)
Mean = -7.11X10° Mean = -1.26%107'%
Std. Dev. — 0,984 60 Std. Dev. =0.894
N=455 N=455

Frequency

0 2 -2 0 2 4

Regression Standardized Residual Regression Standardized Residual
Histogram Histogram

Dependent Variable: Klieprivier 03 (ppb) Dependent Variable: Klieprivier CO (ppb)

Mean = 3.4310°1S Mean = 7.09510~1¢
Std. Dev. = 0.994 Std. Dev. = 0,994
=485 N=485

Frequency

0 2 0 2

Regression Standardized Residual Regression Standardized Residual

Figure 5. Regression standardized residual histograms for pollutant concentration models: (A) Diep-
kloof CO, (B) Diepkloof O3, (C) Klieprivier O3, and (D) Klieprivier CO.
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4. Discussion

This study analysed the spatial and temporal distribution of CO and O3 in Diepkloof
and Klieprivier townships, revealing distinct pollutant hotspots and varying trends over
time. In Diepkloof, CO hotspots shifted between zones during the study period, likely
reflecting changes in emissions from industrial activities, household combustion, and vehic-
ular traffic. Conversely, CO hotspots in Klieprivier remained stable, suggesting consistent
local emissions primarily from household combustion. Higher CO levels near sources
such as the Orlando Power Station, Bara taxi rank, and Chris Hani Baragwaneth Hospital
reinforce the influence of proximity to emission sources on pollutant concentrations.

These findings are consistent with [48], who reported persistent O3 and CO pollution
exceeding South African National Ambient Air Quality Standards in Johannesburg, with
notable temporal peaks linked to traffic emissions and photochemical activity. Ref. [49]
similarly documented comparable O3 concentration ranges across rural South African
provinces, emphasizing spatial variability across urban and rural contexts. Furthermore,
Ref. [29] highlighted the role of urbanization and industrialization in shifting pollution
hotspots, supporting our observation of dynamic CO distribution patterns in Diepkloof.
Collectively, these comparisons underscore the critical importance of localized, long-term
monitoring to capture unique pollution dynamics in rapidly urbanizing areas [50].

Temporal analysis indicated a declining trend in O3 concentrations in both townships,
with seasonal peaks during warmer months likely driven by photochemical production un-
der elevated temperatures and solar radiation, which aligns with previous studies [51-54].
In contrast, CO exhibited an increasing trend in Diepkloof and relatively stable levels in
Klieprivier, likely reflecting differing local emission sources and patterns. These observa-
tions highlight the complex interplay between emission sources and meteorological factors
in shaping pollutant dynamics.

Meteorological parameters were significant predictors of pollutant variability. Tem-
perature strongly influenced O3 formation, particularly in Klieprivier, which is consistent
with established photochemical reaction theory [41]. For CO, however, regression models
explained only a limited portion of variability (e.g., R? = 0.037 in Diepkloof), suggesting
that meteorological factors alone are insufficient to fully capture CO dynamics. This low
explanatory power may stem from omitted variables such as traffic volume, fuel usage,
and industrial activities, as well as constraints related to spatial resolution and uneven
monitoring station distribution. Future studies should aim to incorporate these factors to
enhance model robustness.

The use of GIS and statistical modelling effectively identified pollution hotspots
and spatial patterns, confirming the utility of these tools for environmental management.
Nonetheless, capturing the full complexity of urban air pollution remains challenging,
particularly considering local factors unique to Johannesburg townships, such as informal
settlements and widespread biomass combustion elements less frequently accounted for
in studies from Europe and North America [15,35,38,47,51]. From a planetary health
perspective, these findings illustrate how local environmental exposures intersect with
broader social determinants of health; thus, residents in townships often face higher
exposure due to inequitable urban planning, reliance on polluting fuels, and limited access
to healthcare.

South Africa’s air quality regulations under the National Environmental Management
Air Quality Act aim to reduce pollutant emissions, yet some evidence indicates limited
progress in certain regions [55,56]. While the observed decline in O3 may reflect reduced
precursor emissions as seen in other industrialized settings [52,57,58], the increasing CO
trend highlights persistent local emission challenges that require targeted mitigation. This
study advances understanding of pollutant distributions and drivers in Johannesburg
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townships; however, it also reveals model limitations and local complexities that warrant
comprehensive data collection and inclusion of additional emission sources in future anal-
yses. Integrating meteorological forecasting within air quality management frameworks
could enhance prediction and mitigation strategies moving forward.

5. Future Studies

Future research can build upon this study by incorporating higher-resolution temporal
data to better understand short-term variations in pollutant levels, with a focus on peak
traffic hours and seasonal changes. Expanding the geographical scope to include more
townships in Johannesburg and other South African cities can provide a broader under-
standing of urban air pollution patterns. Additionally, integrating more advanced spatial
modelling techniques, such as machine learning-based approaches, could enhance the
accuracy of hotspot detection and pollutant dispersion patterns. Further studies could also
explore the health impacts of long-term exposure to CO and O3 in these communities, using
epidemiological data to strengthen the link between pollution levels and public health
outcomes. Investigating existing regulatory measures and public awareness initiatives can
guide policymakers in developing more targeted interventions. Collaboration with local
communities to gather qualitative data on household combustion practices could also offer
deeper insights into emission sources, enabling the design of tailored mitigation strategies.

5.1. Recommendation of the Study

Based on the findings of this study, these recommendations are proposed to address
air pollution challenges in urban townships like Diepkloof and Klieprivier.

Emission regulations for industrial facilities should be strict, especially for industries
that are near residential zones, where measures such as the implementation of cleaner
production technologies and the transformation to low emission energy can reduce CO
hotspots that are linked to industrial, vehicle, and household activities. There is a need
to provide affordable alternatives to biomass fuels, with a focus on congested urban
areas where a large percentage of residents rely on fuelwood combustion for cooking and
heating, alternatives such as the introduction of clean cooking technologies and subsidizing
electricity, which will accommodate people in informal settlements so that they can use
electricity for cooking and heating their homes.

Vehicular traffic has adverse effects on air pollution of urban areas; there is a need
to manage these traffic contestations to reduce emissions in areas that have high density,
such as near the Bara taxi rank, promoting the use of public transportation where the gov-
ernment subsidizes public transport, such as trains and buses, and developing strategies
to mitigate and regulate vehicle emissions. This goes hand in hand with developing a
framework to reduce O3 precursors such as NOx and VOCs through the introduction of
strict vehicle standards and emission caps for the industries. If these recommendations
are implemented, policymakers and stakeholders can address and improve environmental
and health challenges that are caused by air pollution in urban areas, which will benefit
the public. Addressing health risks that are presented by these pollutants requires refined
health monitoring, community health programs, and effective emergency responses. Urban
planning should prioritize expanding in green infrastructures and managing traffic emis-
sions; industrial pollutants should be regulated, and ventilation friendly designs should be
promoted. Policy recommendations such as promoting strict air quality standards should
be implemented. Environmental and health considerations should be integrated into urban
health policies, and communities should also engage in decision-making. These measures
can mitigate air pollution impacts and foster sustainable urban environments.
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5.2. Study Limitations

This study acknowledges limitations that may influence the interpretation of its find-
ings. The uneven distribution of air quality monitoring stations in Diepkloof and Klieprivier
may have introduced spatial biases, as areas without monitoring coverage might present
different pollution levels that were not captured. Moreover, this study relied on secondary
data from SAAQIS, and SAWS also poses limitations such as data with gaps, which could
affect the robustness of the analysis. The spatial and statistical models (QGIS and SPSS)
used have assumptions that may overlook certain local factors influencing pollutant con-
centrations. The use of daily or averaged meteorological data, rather than higher-resolution
datasets, may have concealed short-term variations affecting pollutant dispersion. Further-
more, the study focused solely on O3 and CO, excluding other influential pollutants such
as nitrogen dioxide (NO;) and particulate matter (PM2.5).

6. Conclusions

This study investigated the spatio-temporal distribution of CO and O3 in Diepkloof
and Klieprivier townships, emphasizing pollutant hotspots, temporal trends, and the influ-
ence of meteorological parameters using GIS and statistical modelling. Results revealed
shifting CO hotspots in Diepkloof associated with urbanization, traffic, and industrial
emissions, while CO levels in Klieprivier remained relatively stable with seasonal peaks in
winter. O3 concentrations showed a declining trend from 2019 to 2023, with higher levels
during spring and summer driven by photochemical reactions influenced by temperature.
Temperature and wind speed were identified as key meteorological factors affecting pol-
lutant variability and dispersion. Despite these insights, the study has limitations that
should be considered. The regression models, particularly for CO, explained only a small
fraction of pollutant variability, indicating that important emission sources and factors
such as traffic intensity, biomass burning, and local industrial activities were not fully
captured. Furthermore, the uneven spatial distribution and limited number of air quality
monitoring stations restricted the ability to comprehensively characterize pollutant patterns,
especially in less-monitored areas. These limitations highlight the need for expanded and
localized air quality monitoring networks, particularly in rapidly urbanizing townships,
to improve spatial representativeness and data quality. Additionally, integrating meteo-
rological forecasting into air quality management could enhance real-time prediction and
mitigation strategies, such as targeted traffic or industrial emission controls. Overall, this
study contributes valuable information to air quality research in South African townships
and underscores the importance of incorporating broader emission data and improving
monitoring infrastructure to support effective environmental and public health interven-
tions. From a planetary health perspective, these findings reveal how urban air pollution
not only threatens respiratory and cardiovascular health locally but also contributes to
global climate challenges. Therefore, protecting human health and reducing emissions that
are driving climate change are goals that can be achieved by addressing the air quality in
the townships. As African cities continue to urbanize rapidly, integrating planetary health
principles into policies can ensure that cleaner air, healthier communities, and climate
resilience are pursued together.

Supplementary Materials: The following supporting information can be downloaded at https:/ /www.
mdpi.com/article/10.3390/challe16040052/s1, Supplementary data—trends over time. Figure S1.
(A) seasonal analysis of O3 levels in Diepkloof and Klieprivier. (B) Seasonal analysis of CO levels in
Diepkloof and Klieprivier townships. Figure S2. The average temperatures for (A) Diepkloof summer,
(B) Kliprivier summer (C) Diepkloof winter and (D) Klieprivier winter.
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