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Measured NO, levels were observed to
be higher during the winter sampling
campaign as compared to summer.
Measured and modelled mean NOy
levels were highly correlated, thus illus-
trating the strength of the model to accu-
rately predict exposure at un-monitored
locations.

Fewer than the recommended 40 NOy
sampling sites were sufficient for LUR
model development for this study.

This study indicates that ambient NOy
levels are strongly influenced by levels
of local traffic.
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Background: The South Durban (SD) area of Durban, South Africa, has a history of air pollution issues due to the
juxtaposition of low-income communities with industrial areas. This study used measurements of oxides of nitro-
gen (NOy) to develop a land use regression (LUR) model to explain the spatial variation of air pollution concentra-
tions in this area.
Methods: Ambient NOx was measured over two two-week sampling periods at 32 sites using Ogawa badges. Fol-
lowing the ESCAPE approach, an annual adjusted average was calculated for these results and regressed against
pre-selected geographic predictor variables in a multivariate regression model. The LUR model was then applied
to predict the NOy exposure of a sample of pregnant women living in South Durban.
Results: Measured NOy levels ranged from 22.3-50.9 ug/m3 with a median of 36 ug/m3. The model developed ac-
counts for 73% of the variance in ambient NOy measurements using three input variables (length of minor roads
within a 1000 m radius, length of major roads within a 300 m radius, and area of open space within a 1000 m ra-
dius). Model cross validation yielded a R? of 0.59. Subsequent participant exposure estimates indicated exposure to
ambient NO, ranged from 19.9-53.2 ug/m°, with a mean of 39 pg/m?>.
Discussion and Conclusion: This is the first study to develop a land use regression model that predicts ambient con-
centrations of NOy in a South African context. The findings of this study indicate that the participants in the South
Durban are exposed to high levels of NOy that can be attributed mainly to traffic.
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1. Introduction

Studies have shown that long term exposure to air pollution, includ-
ing ambient nitrogen oxides (NOx), has been linked to a varying degree
of health end points ranging from modest respiratory changes and im-
paired pulmonary functions to cases of mortality (Uea, 2004). Research
has further shown definitive associations between air pollution exposure
and elevated risk of adverse pregnancy outcomes as well as early child-
hood health effects (Lacasana et al., 2005; Aguilera et al., 2010; Brauer
et al., 2008; Morgenstern et al., 2007; Slama et al., 2007). A key challenge
for environmental epidemiology is deriving precise measures of individ-
ual exposure for the characterisation of exposure-response relationships.

To address such challenges, the development of exposure models to
predict the spatial variation of air pollution and assess individual expo-
sure has been identified as a research priority (Brunekreef and Holgate,
2002). Existing exposure assessment methods include proximity-based
estimates, dispersion models, land use regression (LUR) models and in-
terpolation methods such as kriging.

Proximity-based estimates have been associated with some health
effects, but present a risk of exposure misclassification as meteorology
and source characteristics are not taken into consideration (Jerrett
et al.,, 2005). Kriging, when applied at the intra-urban scale, has been
known to produce notable variation in air pollutant concentrations at
very short distances (Briggs, 2005) and is more effective at a regional
or national scale (Bell, 2006; Liao et al., 2006). Dispersion models could
potentially incorporate both spatial and temporal variation without the
need for additional air pollution monitoring but the high cost of imple-
mentation, input data demands and required expertise limit its applica-
tion (Jerrett et al., 2005; Briggs et al., 1997).

LUR modelling has emerged as an effective alternative to these ap-
proaches. This model relates monitored pollutant concentrations to
site-specific geographic predictors such as traffic, land use, topography
and meteorology in a multivariate regression model. The parameter es-
timates derived from the regression equation are then used to estimate
pollutant levels at unmonitored locations. The use of site-specific vari-
ables in this method has been known to effectively capture small-scale
variability (Ryan and LeMasters, 2007).

The LUR method, first introduced in the SAVIAH (Small Area Varia-
tions in Air pollution and Health) Study (Briggs et al., 1997), has since
been applied in a number of studies in Europe (Brauer et al., 2003;
Madsen et al., 2007; Brauer et al., 2007; Rosenlund et al., 2008), North
America (Brauer et al., 2007; Gilbert et al., 2005; Wheeler et al., 2008;
Arain et al., 2007; Ross et al., 2005; Ross et al., 2007; Sahsuvaroglu
et al.,, 2006) and Asia (Chen et al., 2010a; Chen et al., 2010b; Kingham
etal, 2013; Lee et al,, 2013) to model urban air pollution for exposure
assessment, with the most recent large-scale application in the
European Study of Cohorts for Air Pollution Effects (ESCAPE) (Eeftens
etal.,, 2012). Most studies use nitrogen dioxide (NO,) as a proxy for traf-
fic emissions as this pollutant correlates well with traffic densities and is
relatively simple and inexpensive to measure (Sahsuvaroglu et al.,
2006). Frequently used predictor variables include traffic variables, pop-
ulation and household density, land use, altitude, topography and loca-
tion (Ross et al., 2007; Sahsuvaroglu et al., 2006; Gilliland et al., 2005;
Moore et al.,, 2007; Rosenlund et al., 2007; Bertazzon et al., 2015). The
variable selection process relies on data availability, accessibility and
completeness (Brauer et al., 2003; Madsen et al., 2007; Brauer et al.,
2007; Hoek et al., 2008).

South Africa, as a developing country, experiences multiple chal-
lenges in mitigating environmental impacts, such as air pollution, while
promoting economic development and employment. Durban is South
Africa's second largest city by population and has the country's largest
and busiest port. Apartheid era policy emphasis on strategic industries
facilitated the growth of the paper, petroleum and chemical industries
in the South Durban (SD) region. There are approximately six hundred
industrial facilities in the region today, including textile, food and bever-
age, printing, paint, metal smelting, galvanising, fibre and automotive

facilities. Further emission sources include a sewage treatment works, a
large container terminal and chemical storage facility alongside the
port (Guastella and Knudsen, 2007) and dense traffic (including heavy
trucking) nodes (Naidoo et al., 2007).

Apartheid planning juxtaposed industrial activity with densely popu-
lated labour suburbs in the city, creating a unique air pollution exposure
context. Despite the end of political apartheid, these communities re-
main within industrial regions today, simultaneously contesting envi-
ronmental degradation while demanding local job opportunities. The
South Durban Community Environmental Alliance (SDCEA) have for
over two decades, taken the lead on environmental activism efforts in
this region, with predominant focus on the impacts associated with the
major industries (the oil refineries and paper mill) (Ramsay and
Naidoo, 2012).

It is this combination of multiple polluting sources in the basin-like
topography of South Durban that poses adverse public health impacts
as highlighted in previous studies (Naidoo et al., 2007; Kistnasamy
et al,, 2008; Naidoo et al., 2013). Prevailing winds carry gaseous pollu-
tion, soot and oil spray from industries in the direction of local resi-
dences and schools (Leonard et al., 2008). Pollution stagnation in the
region during surface temperature inversions in winter are well under-
stood (Kistnasamy et al., 2008). Furthermore, the coastal context creates
intermittent fumigation scenarios when emissions from elevated
sources descend rapidly to accumulate at the surface.

A lack of exposure data for this region, particularly for vulnerable
groups such as pregnant women, is a limitation to assessing the burden
of impact on public health. In an attempt to characterise exposure and
better understand the relationship between air pollution exposure and
health outcomes with the context of prevailing geographical and envi-
ronmental factors, the aim of this study was to develop a LUR model
and derive exposure estimates for NO, among sample of pregnant
women residing in the South Durban region. The exposure estimates
from the current study will be used in the Mother and Child in the Envi-
ronment (MACE) birth cohort to assess the association between mater-
nal pre-natal exposure to air pollution and health outcomes in neonates.

2. Methodology

The study area is located within the South Durban region of the
eThekwini Municipality of KwaZulu-Natal, South Africa. The estimated
population for this region is 595,601 (South Africa - Ethekwini Popula-
tion Census, 2011) and includes the suburbs of Merebank, Wentworth,
Austerville and Bluff (Fig. 1 below and Fig. S1, in the supplementary
document).

2.1. Sample sites and sampling periods

Sampling sites were selected using Google Earth's® software (de-
tailed in supplementary document). NO, sampling locations were select-
ed following the ESCAPE (Beelen et al., 2000) protocol, however
streetlight poles were selected as opposed to building facades of homes
due to restricted access to private property. Given that the distance be-
tween residential building facades and streetlight poles was minimal
(<2 m), this was unlikely to a significant impact on measured concentra-
tions. The monitoring locations were evenly distributed within the sub-
areas (see Fig. S1 in supplementary document), with one sampler co-
located at an Air Quality Monitoring Station (AQMS) for each sampling
period. Samplers were distributed to represent street level concentra-
tions as well as background concentrations.

There is no standardized methodology in the literature for determin-
ing the required number of sampling sites for model development. The
use of 40 sampling sites is recommended by ESCAPE (Beelen et al.,
2000). Other studies (Chen et al., 2010a; Briggs et al., 2000) however,
have reported statistically significant models using fewer sites, ranging
from 25 to 35. It has been noted that factors such as size of the study
area, traffic intensity, level of wurbanization, level of urban
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Fig. 1. The study area in South Durban (Map data®©, 2016).

industrialization, topography and meteorology are important consider-
ations when deciding on the number of samplers to be used (Kashima
etal,, 2009). The South Durban study domain is smaller than most docu-
mented in the literature. The explained variance (R?) values were calcu-
lated for LUR models using an increasing number of the South Durban
monitoring samplers (i.e. 10, 20, 25, 29, 30 and 31 sites). There was not
a significant increase in explanatory power of the model. An increasing
number of samplers is useful to capture the range of values in the various
geographical variables to limit the need for truncation when the model is
applied.

The South Durban region has two distinct meteorological regimes
(one distinctly summer and one distinctly winter) with transitions be-
tween these in spring and autumn (Tyson et al.,, 2004). To capture var-
iability across these two scenarios, two sampling periods were selected,
specifically mid-summer and mid-winter.

1.00
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2.2. Nitrogen oxides measurements

NO, measurements were conducted over two two-week periods dur-
ing mid-winter from 21 July to 3 August 2011 and mid-summer from 24
January to 6 February 2012. Measurements at the sites were conducted
simultaneously for all sampling periods to avoid the influence of meteo-
rological and emission variations.

Ogawa passive samplers were deployed at a height of 2.5 m using
street light poles and traffic signs. At the end of sampling, the collected
badges were refrigerated at 4 °C prior to its courier to Utrecht, The
Netherlands. Laboratory analysis was conducted at the Institute for
Risk Assessment Sciences (IRAS) laboratory facility, following the
Ogawa protocol (Ogawa & Co., Inc., V3.98, USA). This procedure entailed
adding a reagent to the reactive filters, upon which the developed colour
was measured by 540 nm on a spectrophotometer. Concentrations of
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Fig. 2. Number of NO, monitoring sites used for model development and the proportion of variability (R?) in the 31 monitoring sites.
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NO, were calculated by means of linear regression of a five-point calibra-
tion line and corrected for temperature and relative humidity during
sampling (Madsen et al., 2007).

For quality control purposes, field blanks were maintained during
the deployment and collection of badges. There were three field blanks
maintained for each sampling period, however in the first sampling pe-
riod, one field blank was lost at collection. A limit of detection (LOD)
was calculated as three times the standard deviation of the field blanks
for each sampling period (Madsen et al., 2007; Van Roosbroeck, 2007;
Madsen et al., 2011a). Duplicate badges (three per sampling period)
were deployed at selected sites for measurement validation purposes.
NOy results at duplicate sites were averaged to provide a single estimate
at these sites. Badges were co-located at the Wentworth Reservoir Air
Quality Monitoring Station (AQMS) during both sampling periods and
the results compared. These continuous monitoring stations are man-
aged by the eThekwini Municipality's Air Pollution Unit using interna-
tional standards of quality control and validation (EThekwini Air
Quality Monitoring Network Annual Report, 2009). The AQMS data at
the validation site for the period March 2011 to February 2012 was
then used to adjust the monitored concentrations to an annual average
of NO, concentrations and this adjustment was applied to all samplers
(Beelen and Hoek, 2010).

To determine the annual average for each sampling site, the results
from the two sampling periods had to be adjusted using data from an
existing AQMS station consistent with the sampling periods. As per
the requirements stated in the ESCAPE (Beelen and Hoek, 2010) proto-
col, the station selected was required to have 75% data capture for the
study period (Eeftens et al., 2012), hence the Wentworth Reservoir
AQMS was selected based on its location and the high percentage of
data capture. The arithmetic mean of the available measurements (i.e.
both sampling periods) per site was adjusted using the difference be-
tween the sampling period and the annual average at the AQMS (see
Annexure B in supplementary document), thus deriving an annual ad-
justed average of NO,.

2.3. Geographic predictor variables

The selection of geographic variables was based on a desktop assess-
ment of the local environment, and a review of variables successfully ap-
plied in previously published LUR studies (Madsen et al.,, 2007; Brauer
et al,, 2007; Sahsuvaroglu et al., 2006; Aguilera et al., 2007). The selected
geographic predictors were grouped into the following broad categories:
road length/type, land use, physical geography, population and housing
density.

Geographical Information System (GIS) shapefiles were obtained
from the eThekwini Corporate GIS Unit and GIS analyses were performed
using ArcGIS ver 9.3.1, following the ESCAPE (Beelen and Hoek, 2010)
procedure. These GIS shapefiles were developed by the local authority
for planning purposes. Regular updates to the system are made by GIS
specialists within the Corporate GIS Unit in line with rezoning's and
local infrastructural and residential developments.

The selection of buffer radii, was also based on previous LUR models,
taking into account local surrounding factors such as urbanization, urban
industrialisation and topography. These included buffer distances in the
ranges of 50, 100, 300, 500 and 1000 m for road length accounting for
urban background concentrations of NOy attributed to traffic emissions
and, all remaining variables had buffer distances of 100, 300, 500, 1000
and 2000 m. (See Table 1.)

24. Exposure modelling

Supervised forward stepwise regression techniques were used to de-
velop the prediction model using a previously published approach
(Beelen et al., 2013). As per the ESCAPE (Eeftens et al., 2012) methodol-
ogy, a priori definitions (i.e. direction of effect) were established. The var-
iance inflation factor (VIF) was calculated as an indication of how much

inflation of standard error was caused by collinearity between predictor
variables (Madsen et al., 2007), and was considered acceptable if <5
(Beelen and Hoek, 2010). These approaches were used to address poten-
tial collinearity (Wheeler et al., 2008) and improve model interpretabil-
ity (Isakov et al., 2010).

For the model development univariate regression analysis was con-
ducted and the model with the highest adjusted explained variance
(R?) was regarded as the ‘start model’. In the next step predictor vari-
ables with the highest additional increase in adjusted R?> were main-
tained in the model provided they fulfilled three criteria: (Uea, 2004)
the increase in adjusted R? was >1%, (Lacasana et al., 2005) the coeffi-
cient conformed to a priori definitions (Aguilera et al., 2010) the direc-
tion of effect for predictors already included in the model did not
change. The addition of variables in a supervised stepwise process was
repeated until there were no remaining predictor variables that added
>1% to the adjusted R? of the previous regression model. To evaluate
the significance of the variables in the model, variables with p-value
>0.10 were sequentially removed from the model, starting with the
least significant, until all predictor variables in the ‘final model’ had a p
<0.10. In addition the model was tested for influential variables using
the Cook's D test in which results <1 were considered acceptable.

To validate the model the leave-one-out cross validation (LOOCV)
technique was used, in which the model was developed for n — 1 sites
and the levels predicted for the excluded site and this was repeated n
number of times. The mean difference between predicted and measured
values estimated the model error (Brauer et al.,, 2007). This was deter-
mined in STATA ver.11 (Stata Corporation, USA), using the ESCAPE
(Beelen and Hoek, 2010; Eeftens et al., 2012) approach.

To assess the impact of any potential seasonal influences, seasonal
models were developed for each of the sampling periods (i.e. winter
and summer) using actual NO, measurements obtained during the sam-
pling campaigns for each season.

2.5. Participant exposure assessment

The developed LUR model was then used to predict exposure at the
residential addresses of a sample of study participants from the MACE
cohort. For each address GPS coordinates were obtained and further
data was collected on the significant geographic predictors identified in
the final model. Exposure estimates for individual participants was de-
termined by applying the model intercept and regression coefficients
of the LUR model to the selected geographic predictors.

Over (or under) prediction at participant addresses may occur when
using predictor variable values that are outside the range of predictor
variables within the location of monitoring sites. To avoid this, the for-
mer were truncated by assigning the maximum (or minimum) value
that occurred at one of the monitoring sites for that specific variable
and this was performed for all values above the highest (or below the
lowest) values at the monitoring sites (Beelen and Hoek, 2010).

3. Results
3.1. Nitrogen oxides measurements

Summary statistics of NOy results for each of the seasonal sampling
periods are presented in Table 2. A high correlation (R? = 0.99) was ob-
served for the duplicate samplers during both sampling periods
(Table S1 in supplementary document). For passive samplers that
were co-located with an existing AQMS, differences of between 8 and
10 pg/m*® were observed (Table S2 in supplementary document).
There was an overall correlation of 61% between measurements ob-
served during both sampling periods. (See Table 4.)

After adjustment of passive sampling results, there were valid mea-
surements available for 31 sites (there was one and three sampler/s lost
in the first and second sampling periods respectively, resulting in an
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Table 1
Brief description of GIS analysis of geographic predictors and ‘a priori’ definitions.
Variable type Variables (unit) Buffers (m) Rationale for inclusion GIS analyses® A priori®
Road length/type Length of: Road length is directly associated with traffic Update of geometry in attribute table
major road® (m) 50, 100, 300, 500, 1000 patterns, thus influencing pollutant emissions  of selected feature to calculate length  +
minor road“®” (m) 50, 100, 300, 500, 1000 from traffic. +
Land use Area (m) of: Different land uses yield different levels of Update of geometry in attribute table
Industrial land use (m?) 100, 300, 500, 1000, 2000  pollutant emission or transportation activities® of selected feature to calculate area +
Open space land use (m?) 100, 300, 500, 1000, 2000 —
The harbour® (m?) 1000, 2000 +
Physical Elevation (m) - The height of polluting sources influences Square root calculation —
geography emission levels.
Population & population density (km?) 100, 300, 500, 1000, 2000  Pollutant contributions from commuting, Area weighted calculation +
housing data household density (km?) 100, 300, 500, 1000, 2000 travelling (traffic), heating & combustion +

activities (indoor sources)®

All GIS data were obtained from the eThekwini Corporate GIS Unit and GIS analyses were performed using ArcGIS ver 9.3.1, following the ESCAPE (Beelen and Hoek, 2010) procedure.
a priori definitions based on the definitions used in the ESCAPE (Beelen and Hoek, 2010) study.

Minor roads - local street and cul-de-sac (Classifications of Roads and Intersections, 2011).

a
b
€ Major roads - freeway, arterials and collectors (Classifications of Roads and Intersections, 2011).
d
e

data was only available for buffers of 1000 and 2000 m.

average of 31 sites), the adjusted annual average concentration for NOy
ranged from 22.3-50.9 pg/m> with a median of 36.03 pg/m>.

3.2. Geographic predictor variables

Summary data for geographic predictor variables at the measure-
ment sites are presented in Tables S3 of the supplementary document.
The mean length of minor roads in all buffer categories (120.6-
28,182.9 m) were significantly higher than major roads (0-1938.2 m)
and area of industrial land use within 2000 m (3,315,988 m?) was signif-
icantly higher than open space within the same buffer radius
(1,210,818 m?). Data availability for area of harbour was limited to buffer
distances of 1000 m and 2000 m with means of 3536.8 m and
100,401.2 m respectively.

3.3. Model building and validation

A total of 33 variables were individually regressed against NO con-
centrations in the univariate analysis. In the stepwise linear regression
(Table S4 in supplementary document) the start model yielded an ad-
justed R? of 0.41 and this sequentially increased to 0.73 as non-
significant variables (those with beta coefficients that did not correlate
with the pre-defined a priori definitions and those which had p-values
>0.1) were removed from the model in a stepwise manner.

In the final model (Table 3), significant predictor variables identified
included minor road length within 1000 m, major road length within
300 m and open space within 1000 m. VIF were considered acceptable
for these variables (<5) (Beelen and Hoek, 2010). No outliers were iden-
tified in the Cook's distance test (Fig. 3). Open space within 1000 m (r =
—0.6) was negatively associated with NOy, while minor road length
within 1000 m (r = 0.65) and major road length within 300 m (r =
0.5) were positively associated with NO. (See Table 3.)

Table 2
Descriptive summary of NOy passive sampling results by sampling period.

SD_SP1* (N = 30) SD_SP2 (N = 28)

Mean (pg/m?) 54.9 13.9
Median (pg/m*) 54.5 13.8
Standard deviation 13.7 33
Min (ug/m?) 33.6 7.7
Max (pg/m?) 84.4 21.7

SD - South Durban; SP1 - Mid-winter; SP2 - Mid-summer.

*Field blanks (N = 2): mean (ug/m?>) - 0.64; Standard Dev - 0.01; Limit of Detection
(3Xsd) = 0.03.

~Field blanks (N = 2): mean (ug/m>) - 0.98; Standard Dev - 1.4; Limit of Detection (3Xsd)
= 4.2; Missing badges -2.

The model was validated using the leave one out cross validation
technique, in which the final model was developed for 31 - 1 sites and
predictions were made for the excluded site and this was repeated 31
times. The R? for the cross validation was 0.59, (Fig. 4) and the root
mean square error (RMSE), was 5.16.

To further evaluate the impact of potential seasonal differences, inde-
pendent models were developed for each season, with the winter model
achieving an R? of 0.68 (Table S5 in supplementary document) and the
summer model an R? of 0.59 (Table S6 in supplementary document). It
was further noted that the winter model had the same significant predic-
tor variables as the main model (i.e. length of minor road within 1000 m,
length of major road within 300 m and area of open space within
1000 m). While length of minor road within 1000 m was a common fac-
tor among all models, household density within 2000 m and length of
minor road within 50 m were relevant to the summer model. The com-
bination of the seasonal measurements in the final model resulted in im-
proved model performance (R? = 0.73).

3.4. Model application: participant exposure assessment

The final model was applied to 44 participant addresses. Truncation
was only applied to the variable major road within 300 m. The correla-
tion between the untruncated and truncated model was observed to be
high at 0.99. (See Table 4.)

The gradient of participant NO, exposure estimates is illustrated in
Fig. 5.

4. Discussion and conclusion

The LUR model developed for the South Durban region accounts for
73% of the variation in the observed NOy levels at 31 sites. Significant var-
iables included length of minor road within 1000 m, major road within
300 m (positive association with NOy) and open space within 1000 m
(negative association with NOy). With the known health impacts

Table 3
Summary of regression model predicting NOx.
Variable Unit P SE t P
Intercept - 18.81385 6.72687 2.8 0.009
Length of minor road within m 0.0006708 0.0002085 3.22 0.003
1000 m
Length of major road within m 0.0082245 0.0025539 3.22 0.003
300 m
Area of open space within m? —9.08E—06 5.13E—06 —1.77 0.088
1000 m
R*=0.73.

Root Mean Square Error = 4.97.
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Fig. 3. Cook's D test for NOy.

associated with NOy exposure, a broadening in focus towards the control
of traffic emissions and protection of local open spaces may assist in
protecting local environmental health.

The significant variables identified in this study are comparable to
previous studies (Madsen et al., 2007; Aguilera et al., 2007; Madsen
et al, 2011b) in which length of a major road is the common factor. It
was further noted that in the ESCAPE project, LUR models developed
for NO, among 36 study areas had model explained variances (R?) of
55% to 92% in which traffic intensity/load was among the significant pre-
dictors variables (Beelen et al., 2013). In the current study, there were
challenges in attaining traffic count data as municipal records for this
were not available from the relevant traffic authority. This was thus not
included in model development. Road length classifications were used
as a surrogate for traffic, as done in previous studies (Brauer et al.,
2003; Madsen et al.,, 2007; Brauer et al.,, 2007; Hoek et al., 2008).

Other challenges faced included determining the number of samplers
required. The recommended number varied across studies, and there
was no standardized statistical methodology in the literature for calcu-
lating this value. It has been recommended that a minimum number of
40 sites be used (Hoek et al., 2008) to minimize the risk of exposure mis-
classification as a result of under sampling, however other studies have
reported using fewer sampler sites while still achieving robust model de-
velopment (Chen et al., 2010a). As indicated in Fig. 2, 31 sites were suf-
ficient for this assessment with a clear plateauing of the R? curve. This
suggests that while 40 sites might have improved the strength of the
model, this would not have resulted in a substantial change in our

Leave One Out Cross Validation for NOx Model - South Durban
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Fig. 4. Leave one out cross validation for NO,.

Table 4

Measured and predicted nitrogen oxides levels.
Measured® NO, (ug/m°) Predicted” NO, (ug/m?)
N Mean Range N Mean Range

South Durban 31 36.35 22.91-50.94 44 38.97 19.94-53.24

¢ Sampling sites.
b Pparticipant addresses.

estimates. This is possibly due to the smaller study area than convention-
ally associated with LUR, and the effective placement of the 31 monitors
to cover the range of local geographical input variables.

The number of sampling campaigns to be conducted has also varied
between studies in different regions (Hoek et al., 2008; Lebret et al.,
2000; Sahsuvaroglu et al., 2006). It has been previously reported that
geographic pollution patterns remain relatively stable throughout the
year, as areas of high pollution tend to remain in the same location.
Thus it is possible that as little as one-short term monitoring session
could potentially adequately estimate mean annual concentrations
(Lebret et al., 2000) of NOy. In this study, two short-term monitoring
campaigns (summer and winter) were conducted to capture seasonal
variation.

Despite the complex industrial profile of the South Durban area, the
model developed comprised just three variables (two traffic proxy var-
iables and open space). As with previous studies (Wheeler et al., 2008;
Chen et al., 2010a; Lee et al., 2014; Raux et al., 2015) NOy levels were
mostly influenced by proxy traffic markers such as length of road. Eleva-
tion, though considered an important influential factor for coastal cities,
did not emerge as a significant predictor variable in this study. This is
mostly due to the limited changes in elevation in the study area. Indus-
trial land use coverage showed no significant association with NOy
levels, which could be partially attributable to the lack of distinction
made between industries which emit NOy and those that do not
(Gilbert et al., 2005). Furthermore, industrial emissions generally are
emitted at height, and complex dispersion factors play a role in their
surface impact. The impact at ground level as a result of these emissions
thus may occur at some distance from the source, rendering industrial
proximity variables insufficient to explain spatial patterns in ground-
level concentrations. The results, however, highlight that ambient NOy
in the region is predominantly the result of traffic emissions, which dis-
tinguish it from other pollutants such as sulphur oxides (SOy), which are
predominantly industrial emissions in the region. LUR models devel-
oped for such pollutants would require more careful assessment of
how industrial variables should be included as potential predictor
variables.

Although there were significant differences in measurements of NOy
between seasons in this study, the development of the seasonal models
showed no significant differences in model performance (winter R? =
0.68, summer R? = 0.59 and the combined model R?> = 0.73). This is
the result of the high correlation (61%) between seasonal measurements
for each of the measurement sites. The key meteorological difference
across seasons in South Durban is the significant narrowing of the mixing
layer during winter (Tyson et al., 2004; Tularam and Ramsay, 2013). This
arises through radiative surface inversions with night-time cooling and
non-surface subsidence inversions that are intensified during pre-
frontal conditions (Preston-Whyte and Diab, 1980). This narrowing
depth is a feature occurs across the south Durban region without spatial
variations in the impact between sampling sites. As a result, pollutant
concentrations are higher in winter relative to summer across sites but
the spatial distribution of concentrations is largely unaffected. Minor dif-
ferences in the spatial distribution are likely the result of changes in the
wind regime between summer and winter. The prevailing winds across
seasons are north-easterly and south-westerly winds, but with an in-
crease in frequency and strengthening of the south-westerly component
in winter (due to frontal systems), and an increase in the easterly com-
ponent in summer (as a sea breeze) (Tyson et al., 2004; Tularam and
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Fig. 5. NOy estimation at participant address points in South Durban.

Ramsay, 2013). We acknowledge the limitation in this study of the ab-
sence of meteorological input variables, however the above suggests
that the model would not have been significantly strengthened with
their inclusion.

In a similar study conducted in Taipei City, Taiwan (Lee et al., 2013),
the model developed included five variables in categories of road length
as well as urban greenery and natural area accounting for 81% of the ex-
plained variance in ambient NOy levels. This study further assessed the
spatial variation within the metropolis and attributed the high concen-
trations observed to traffic emissions from the dense road networks like-
ly to have been trapped within the basin like topography (Lee et al.,
2013). The metropolis of Taipei with an area of 36,000 km? reported a
routine air quality monitoring network comprising of 15 stations mea-
suring NO, & NOy in comparison to an area of approximately 100km?
in South Durban with 4 AQMS locations. For the Taipei study 40 sampling

sites were selected, relative to a population size of 23 million, compared
to the 32 sites selected in our study with an approximate population of
600,000, thus suggesting an acceptable network of measurement sites.
In Taipei, measurements were obtained over three seasons (classified
as intermediate, cold and warm), accounting for seasonal variability.
An annual average concentration was estimated from the results of the
three measurements for each site and temporally adjusted using a back-
ground reference site, which was continuously measured over an entire
year (Lee et al., 2013). This was similarly done in in the current study
using available AQMS data, and adjusting measurements to obtain an an-
nual average. Though seasonal differences were not reported for the
Taipei study, the annual average NO, concentrations ranged from 21 to
113 pg/m>.

A study of a similar setting conducted in Tianjin, in Beijing, China,
with an approximate population of 10 million in an area with a radius
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of 11,919.7 km? used data from 30 AQMS locations in the region, of
which only 20 were used for model development and the remaining
10 used in model validation. The similarities observed between this latter
study and our study was notably the composition of industries in the re-
gion and traffic influences. This study developed models for heating and
non-heating seasons, in which major roads and agricultural land use
were among the significant predictor variables included in the respective
models. R? values of 0.74 (heating season) and 0.61 (non-heating sea-
son) were obtained (Chen et al,, 2010a). The study reported measured
NO, concentrations with an average of 54 pg/m? in the heating season
and 40 ug,/m3 in the non-heating season.

The model developed for the current study is fairly comparable to
previous studies of similar settings such as the Taipei and the Tianjin
study. Furthermore notable challenges of LUR model development,
like with other studies are based on the availability, accuracy and reli-
ability of municipal data such as air quality monitoring stations and mu-
nicipal traffic count data to account for traffic volume and density.
Despite such challenges, and the identified shortcomings, this was the
first study to successfully develop an LUR model in South Africa (R* =
0.73), comparable to other larger scale applications. The results empha-
size the importance of traffic (represented by the proxy variables of
road coverage in this study) and open space in influencing NO, concen-
trations in South Durban.
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