-

View metadata, citation and similar papers at core.ac.uk brought to you byff CORE

provided by Queensland University of Technology ePrints Archive

QUT

Queensland University of Technology
Brisbane Australia

This is the author’s version of a work that was submitted/accepted for pub-
lication in the following source:

Ziyath, Abdul Mohamed, Egodawatta, Prasanna, & Goonetilleke, Ashan-
tha

(2016)

Build-up of toxic metals on the impervious surfaces of a commercial sea-
port.

Ecotoxicology and Environmental Safety, 127, pp. 193-198.

This file was downloaded from: https://eprints.qut.edu.au/93593/

© Copyright 2016 Elsevier Inc.
Licensed under the Creative Commons Attribution; Non-Commercial; No-

Derivatives 4.0 International. DOI: 10.1016/j.ecoenv.2016.01.027

Notice: Changes introduced as a result of publishing processes such as
copy-editing and formatting may not be reflected in this document. For a
definitive version of this work, please refer to the published source:

https://doi.org/10.1016/j.ecoenv.2016.01.027



https://core.ac.uk/display/33507086?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1
https://eprints.qut.edu.au/view/person/Ziyath,_Abdul.html
https://eprints.qut.edu.au/view/person/Egodawatta,_Prasanna.html
https://eprints.qut.edu.au/view/person/Goonetilleke,_Ashantha.html
https://eprints.qut.edu.au/view/person/Goonetilleke,_Ashantha.html
https://eprints.qut.edu.au/93593/
https://doi.org/10.1016/j.ecoenv.2016.01.027

Build-up of toxic metals on the impervious surfaces of a commercial seaport

Abdul M. Ziyath, Prasanna Egodawatta, Ashantha Goonetilleke”

Science and Engineering Faculty, Queensland University of Technology (QUT), GPO

Box 2434, Brisbane QLD 4001, Australia.

E-mail: mohamed.ziyath@qut.edu.au; p.egodawatta@qut.edu.au;

a.goonetilleke@qut.edu.au

*Corresponding Author: Ashantha Goonetilleke; Tel: 61 7 3138 1539; Fax: 61 7 3138
1170

email: a.goonetilleke@qut.edu.au


mailto:mohamed.ziyath@qut.edu.au
mailto:p.egodawatta@qut.edu.au
mailto:a.goonetilleke@qut.edu.au

Abstract

In the context of increasing threats to the sensitive marine ecosystem by toxic metals,
this study investigated the metal build-up on impervious surfaces specific to commercial
seaports. The knowledge generated in this study will contribute to managing toxic metal
pollution of the marine ecosystem. The study found that inter-modal operations and
main access roadway had the highest loads followed by container storage and vehicle
marshalling sites, while the quay line and short term storage areas had the lowest.
Additionally, it was found that Cr, Al, Pb, Cu and Zn were predominantly attached to
solids, while significant amount of Cu, Pb and Zn were found as nutrient complexes. As
such, treatment options based on solids retention can be effective for some metal
species, while ineffective for other species. Furthermore, Cu and Zn are more likely to
become bioavailable in seawater due to their strong association with nutrients.
Mathematical models to replicate the metal build-up process were also developed using
experimental design approach and partial least square regression. The models for Cr and
Pb were found to be reliable, while those for Al, Zn and Cu were relatively less reliable,
but could be employed for preliminary investigations.

Keywords: Marine ecosystem; Water quality modelling; Experimental Design;
Stormwater pollutant processes; Stormwater quality

1. Introduction

The marine environment is a sensitive ecosystem that is home to a range of fauna and
flora. Several studies have confirmed that marine ecosystems around the world are
under serious threat due to pollution generated by various anthropogenic activities (Gao
and Chen, 2012; Kucuksezgin et al., 2011). In particular, the presence of metals, which
are toxic and persistent, can cause adverse impacts on the health of fauna and flora in
the marine environment (Owen and Sandhu, 2000). Metals are contributed to the marine
environment by diverse sources including the surrounding urban areas and seaports.

Anthropogenic activities associated with urban areas such as increased traffic activities
can contribute a significant amount of metals to urban impervious surfaces, which are
eventually transported to the marine environment by stormwater runoff. The
characteristics of metal build-up on urban surfaces, particularly impervious surfaces
along with the mathematical replication of the build-up process has been extensively
investigated in research literature (for example Egodawatta et al., 2013; Gunawardena et
al., 2014), contributing to the development of effective strategies to control metal
contributions from urban areas to the aquatic environment.

However, only limited studies have investigated metal build-up on impervious surfaces
specific to a commercial seaport (Goonetilleke et al., 2009), where a range of intense
anthropogenic activities which are unique to this type of infrastructure such as container
handling and heavy vehicle traffic activities occur. The limited knowledge currently
available is a significant constraint to the design of effective management and treatment
strategies to mitigate metal pollution originating from commercial seaports.

The primary aims of the study presented in this paper were to: (1) characterise the metal
build-up on the impervious surfaces specific to a commercial port; (2) investigate the



relationships of metals with other pollutants such as solids, organic carbon and
nutrients, which influence metal behaviour in the build-up process and thereby provide
essential knowledge for the design of effective treatment strategies; and (3) develop
mathematical models to replicate the metal build-up process on impervious surfaces that
are typical to a commercial port. The outcomes of the study can be extended to other
commercial ports since the land uses investigated are typical to any commercial port.

2. Materials and methods

The study was conducted at the Port of Brisbane, Australia located adjacent to the
Moreton Bay Marine Park, which has a high ecological and conservation value. The
marine ecosystem consists of over 150 ha of mangroves, large seagrass areas, variety of
fish species and resident and migratory shorebirds. The surrounding areas have
experienced high urban growth, and coupled with a booming economy and intensive
agricultural and tourist activities. These in turn have resulted in an increase in
anthropogenic activities such as increased cargo handling at the Port (Goonetilleke et
al., 2009).

Six study sites encompassing different land use activities specific to a commercial
seaport were selected at the Port of Brisbane (Fig. 1). The sites included a vehicle
marshalling area (site 1), a container storage facility (site 2), a container terminal (site
3), a quay line (site 4), an inter-modal operations area (site 5) and the main access
roadway (site 6). The pollutant build-up samples were collected from 2.0 m x 1.5 m
plot areas from the impervious surfaces of the selected study sites using a wet and dry
vacuuming system. A detailed discussion on the build-up sampling protocol adopted
can be found in Herngren et al. (2006). The samples were collected after a minimum of
seven antecedent dry days as the total build-up asymptotes to an approximately constant
value after this period of time (Egodowatta, 2007). The samples collected from the
impervious surfaces were wet-sieved into different size fractions of <0.75 um, 0.75-75
um, 75-150 pm, 150-300 um and >300 um as the particle size plays a critical role in the
adsorption of metals by particulates (Gunawardana et al., 2014).
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. Quay line
Marshalling Area y
Container storage
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Container -
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Fig. 1: Location of study sites



The study investigated total suspended solids (TSS), total organic carbon (TOC), total
nitrogen (TN), total phosphorous (TP), aluminium (Al), lead (Pb), cadmium (Cd),
chromium (Cr), copper (Cu), arsenic (As), nickel (Ni), zinc (Zn) and mercury (Hg),
which are common pollutants found in the environment (Gunawardena et al., 2013).
The following methods were used for the laboratory analyses of pollutants: (1) TSS -
2540D and 2540C (APHA, 2005); (2) TOC - 5310C (APHA, 2005); (3) TN — 4500F
and 4500B (APHA, 2005); (4) TP —4500P (APHA, 2005); (5) Al, Pb, Cd, Cr, Cu, As,
Ni and Zn — USEPA 200.7 (USEPA 2001) and 6010B (USEPA 1996); and (6) Hg —
USEPA 7470A (USEPA 1994) and 3112B (APHA, 2005). The data analyses were
performed using univariate and multivariate data analysis techniques. Mutlivariate
analyses such as principal component analysis (PCA) and partial least squares
regression (PLS) were conducted using MATLAB (Mathworks, 2013).

3. Results and Discussion

3.1 Metal build-up

The Hg load in the build-up was below the detection limit, while As, Cd and Ni loads
were relatively very low. Consequently, these were excluded from further analysis. The
average loads of other pollutants across the six study sites for the different particle size
fractions are presented in Table 1(a) along with the corresponding standard deviation.
As evident from Table 1(a), the pollutants were primarily present as fine particles <150
um. The coarse particle fraction, i.e. >150 um, was also present in significant amount.
The predominant presence of finer particles is of concern since conventional sediment
reduction approaches for stormwater treatment may not be effective in trapping finer
particles.

In general, total solids load was found to be the highest followed by the total organic
carbon load. Among metals, Al load was significantly higher than the rest. This can be
attributed to the fact that Al is a major component in geogenic materials (Singh and
Gilkes, 1992), and hence abundantly present in the environment. Though Zn, Cu, Pb
and Cr are primarily contributed by the wear of vehicle components (Gunawardena et
al., 2014), the Zn load was significantly higher than those of Pb, Cu and Cr, suggesting
the presence of additional Zn sources such as container surfaces and roofs present at the
study sites. However, their bioavailability is dependent on their association with other
pollutants such as solids, organic carbon and nutrients as discussed in Section 3.2.

Table 1(b) gives the specific pollutant load in the total particulate build-up at the six
study sites. Among the sites investigated in this study, sites 5 and 6 had relatively higher
pollutant loads compared to the rest. Site 5 is the site of inter-modal operations and has
inter-locking pavers, which can trap a relatively higher amount of pollutants in-between
the pavers. On the other hand, site 6 is a roadway surrounded by unpaved areas and is
used by heavy trucks. Consequently, a high amount of pollutants could have been
contributed by geogenic sources and traffic activities. In contrast, sites 3 and 4 had the
lowest amount of pollutants. Site 4 is the quay line, which has a smooth concrete
pavement. Though appreciable traffic activities occur at site 4, its proximity to the shore
could have resulted in the removal of a significant amount of pollutants from the
smooth concrete surface by wind. Similarly, site 3 is used as a short term storage area,
which could have limited the opportunity for the accumulation of a significant amount
of pollutants. Sites 1 and 2, which are used for container storage and vehicle



marshalling, respectively, had moderate amount of pollutants. It is worthy of note that
similar trends were observed for other particle fractions investigated. Consequently, it is
important that frequent street sweeping measures need to be undertaken in areas that
were identified to have accumulated high pollutant loads, in order to reduce the
pollutant contribution to the marine ecosystem.

Table 1: (a) Average pollutant loads for different particle sizes across the study
sites (Average + Standard deviation) and (b) Pollutant loads in total particulate
sample

(@)

Size (um) Al °Cr Cu *Zn Pb TP TN *TOC  °TS

<150 339+433 2.743.1 6.9#5.8 99+111 4.8444 36465 128+203 2964119 22+21
150-300 78499 0.6+0.6 1.8+1.4 43+45 1.8+1.6 7+15 23+19 64162 6+5
> 300 50+77 0.5+0.6 2.3+3.4 76+142 1.3+2.2 15434 34456 82+103 4+7
Total
particulate 2574223 2.3+2.0 54+4.7 1284127 5.1+4.1 52+62 102+113 2461196 26+22

(b)
Site Al Cr 3Cu aZn 3pp TP TN TOC TS
1 78 0.25 1.1 17 0.47 51 78 56 8.9
2 232 2.8 4.7 102 75 11 51 249 17
3 14 0.11 0.26 7.1 0.32 0.00 3.7 25 1.2
4 30 0.18 25 9.3 0.25 3.5 8.5 60 2.4
5 648 5.7 6.0 206 8.1 28 93 471 66
6 541 4.7 18 424 14 219 380 614 61
Notes:

a— unit is mg/3m?; b - unit is g/3m? (3m* was the size of the sampling area)
Site identification: 1 — Vehicle marshalling area, 2 — Container storage facility, 3 — Container terminal, 4
— Quay line; 5 — Inter-modal operation area; 6 — Roadway.

3.2 Relationships of metals with other pollutants in build-up

Principal Component Analysis (PCA) was used to investigate the relationships of metal
ions with other pollutants in build-up since this knowledge is essential for
understanding the potential bioavailability of metal ions. PCA projects the objects and
variables of a data matrix on the orthogonal principal components (PCs) in order to
extract valuable information (Mostert et al., 2010). The first PC explains the highest
variance in the data, while the rest is explained by the subsequent PCs in decreasing
order. In general, the projection of objects and variables on the first two PCs are plotted
as biplots, which facilitate the visual observation of patterns and relationships between
objects and variables leading to increased understanding of a complex data set. An acute
angle between the loading vectors in the biplot suggests that the corresponding variables
have a strong positive correlation, while an obtuse angle indicates a negative
correlation. The variables are independent if the related vectors are orthogonal.

The data matrix used in this study is presented in Table S1 in the Supplementary
Information. It consisted of pollutant build-up loads for the different particle sizes.
Since the outliers present in a data matrix can significantly affect the reliability and
accuracy of the analysis outcomes, the outliers in the data matrix were identified using
the box-whisker plots presented in Fig. 2. Consequently, samples 5a, 6a and 6b had
outlier values for one or more pollutants. These outliers are attributed to sampling
and/or testing errors or abnormal conditions prevailing during the sampling period and



were excluded from further analysis.
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Fig. 2: Box-whisker plots for metals, nutrients, solids and organic carbon

The outlier-free data set was subjected to PCA to investigate the inter-relationships
between the objects and variables. The data matrix consisted of the pollutant loads
(variables) in the build-up for different particle sizes collected from the six port specific
land uses (objects). The data matrix (25 objects and 9 variables) was first normalised (z-
transformed) as a pre-treatment measure and then subjected to PCA. The resulting PCA
biplot (Fig. 3) explains 78% of the total variance of the original data suggesting that the
outcomes derived from PCA is reliable.

According to Fig. 3, samples from sites 5 and 6 generally have positive scores on PC1,
while sites 3 and 4 have negative scores. This is in agreement with the pattern observed
in the original data (Section 3.1), where the sites 5 and 6 had the highest pollutant loads
and the sites 3 and 4 had the lowest loads. Therefore, PC1 discriminates the samples
based on the level of pollution. In contrast, on PC2, most sampling sites are close to the
origin suggesting that PC2 has less influence in discriminating the samples. There is no
clear clustering of the samples based on the particle size fractions suggesting that the
site specific characteristics play a significant role in the characteristics of pollutant
build-up on the port impervious surfaces, compared to the influence of particle size.

The relationships between metals and other pollutants such as TSS, TOC and nutrients
were investigated using the PCA biplot since these pollutants can adsorb and/or form
complexes with metals (Weber et al., 1991). Consequently, they can influence metal
characteristics such as mobility and bioavailability. In Fig. 3, the investigated metals
have a strong positive correlation with TSS since the angles between their vectors are
acute. This suggests that Cr, Al, Pb, Cu and Zn were predominantly attached to solids.
Solids can desorb the metal ions depending on the characteristics of solids and media
such as stormwater or sea water. Additionally, a treatment system to retain solids can be



effective in reducing Cr, Al, Pb, Cu and Zn loads.
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Similarly, Cu and Zn have a strong positive correlation with TN and TP, while Pb has a
relatively weaker correlation. This can be attributed to the tendency of Cu and Zn to
form stable complexes with ligands containing nitrogen and phosphorous (Ghasemi et
al., 2013; Uchimiya et al., 2011). Since nutrient complexes are generally soluble or can
be converted to soluble forms, there is a high potential that Cu and Zn can become
bioavailable. Meanwhile, Cr and Al vectors are perpendicular to nutrient vectors
suggesting Cr and Al loads are independent of nutrient loads. Therefore, it can be
hypothesised that significant amount of Cr and Al were not present as nutrient
complexes.

TOC vector has a negative correlation with Zn, Cu and Pb vectors and no correlation
with Cr and Al vectors. This suggests that more favourable binding sites for metal ions
were present in nutrients and TSS compared to TOC. Gunawardana et al. (2015) also
suggested that solids such as clay forming minerals can out-compete TOC in forming
complexes. Furthermore, the TOC vector has a strong negative correlation with nutrient
vectors suggesting that nutrients are predominantly present in inorganic form (Wu et al.,
2007).

3.3 Mathematical replication of metal loads
Mathematical replication of the build-up process was undertaken to enable the accurate
prediction of metal loads present on impervious surfaces and to model stormwater



quality. Such capabilities are essential for creating effective measures to mitigate the
potential degradation of the marine ecosystem from pollutants transported by
stormwater runoff. The models developed can be extended to other commercial ports
since they incorporate land uses that are typical to any commercial port.

In this study, partial least squares regression (PLS) was employed to formulate the
mathematical replication of the metal build-up process on impervious surfaces at the
port. PLS is a multivariate regression technique that is used to simultaneously extract
the underlying factors in both the independent and dependent variables. Consequently, it
IS a sophisticated extension of the conventional multiple linear regression (Ruiz et al.,
2008). The calibration data matrix for PLS was selected using experimental design
techniques.

3.3.1 Experimental design

Experimental design techniques facilitate strategic planning and execution of controlled
experiments, where the independent variables or factors are varied systematically at
different levels to investigate their influence on a response or predictor variable
(Brereton, 2003). As such, experimental design techniques are useful in mathematically
replicating a process such as the pollution build-up process. In this study, TSS, TN, TP
and TOC loads were considered as the independent variables to replicate the build-up
process as they are associated with the metal loads in build-up as discussed in Section
3.2. However, the strong correlation between TN, TP and TOC loads as evident from
Fig. 3 can result in collinearity problem, which can lead to poor precision in the
estimation of regression coefficients (Park et al., 2014). Therefore, TOC load was
selected as the representative variable for TN and TP loads. Consequently, the
independent variables were reduced to TSS and TOC loads. The metal loads were taken
as the dependent variables.

In this study, Taguchi Lg orthogonal array design (Table 2) was used for experimental
design since this method requires a relatively reduced number of experiments compared
to the conventional full factorial design (Zhou et al., 2000). In Taguchi Lg orthogonal
array design, three levels need to be assigned for each independent variable. Unlike
laboratory based experiments, assigning precise levels to variables is a challenging task
in field experiments because of the difficulty in controlling the variability in the
independent variables (Ogunkunle et al., in press). For example, three values for pH of
water in a laboratory experiment can be easily set as 4, 6 and 8, while stormwater pH in
the field can vary depending on the catchment characteristics.

In the development of the prediction model for the volatile organic compounds on urban
roads, in which the experimental design technique was used to select the calibration data
matrix, Mahbub et al. (2011) randomly assigned the data points to ‘high” and ‘low’
levels. In the present study, an alternative method is proposed for systematic allocation
of levels in the experimental design for field based studies.

In the proposed method, levels are assigned as a range rather than as a precise value. As
such, a range up to 33" percentile was assigned as the first level of a variable, 33" to
67" range was assigned as the second level and over 67" percentile was considered as



the third level. A detailed explanation of the calculation involved with this method is
provided in the Supplementary Information.

The ranges assigned for the first, second and third levels of TSS were 0.03 - 1.16, 1.17
—10.2 and 10.3 — 25.6 g/3m?, respectively. Similarly, 0.00 — 0.04, 0.05 — 0.08 and 0.09
—0.37 g/3m? were used as the first, second and third levels of TOC, respectively. The
resulting Taguchi design is given in Table 2.

Table 2: Results of Taguchi orthogonal array design

Taguchi Array  Independent variable load Dependent variable load (g/3m?)
(g/3m?)
TS TOC TSS TOC Al Cr Cu Zn Pb
1 1 0.27 0.03 3.78 0.03 0.91 5.59 0.10
1 2 0.65 0.05 6.11 0.06 0.65 5.03 0.28
1 3 0.23 0.17 3.19 0.02 0.27 2.05 0.07
2 1 1.36 0.02 33.54 0.53 0.95 20.12 0.60
2 2 6.72 0.06 73.92 0.49 2.05 26.43 1.31
2 3 2.76 0.37 0.00 0.04 0.33 1.66 0.00
3 1 16.49 0.02 267.92 2.13 6.05 160.12 4.62
3 2 18.41 0.06 441.73 2.76 3.50 86.50 3.68
3 3 17.79 0.21 130.82 1.53 3.22 52.21 3.77

3.4.2 Model development

The data matrix developed using the Taguchi orthogonal array experimental design
(Table 2) was subjected to PLS analysis to develop the mathematical replication of
metal build-up. The mathematical models developed were validated using the Leave-
One-Out Cross-Validation (LOOCV) method. The corresponding MATLAB codes
developed for LOOCYV is presented in the Supplementary Information. The Relative
Prediction Error (RPE), Standard Error of Cross Validation (SECV) and Cross-
Validated Coefficient of Determination (Q%) were used to investigate the validity of the
equations and the corresponding formulae are given in the Supplementary Information.

The outcomes of the analysis are presented in Table 3. The data variances explained by
the mathematical models were over 75% indicating that the outcomes of PLS are
reliable. The RPE values of 36% and 21% for Cr and Pb, respectively, are considered
well within the error limits for complex natural systems as suggested by Egodawatta et
al. (2013). Additionally, Cr and Pb had low SECV and high Q? values, which suggest
that the developed models can replicate the build-up of these metals and can also be
used for quantitative prediction of loads in the build-up on port impervious surfaces.
Furthermore, it can be concluded that Cr and Pb loads in pollutant build-up are strongly
dependent on the TSS and TOC loads.

In contrast, the equations for Al and Zn have relatively higher RPE values.
Additionally, SECV values for Al and Zn are very high along with very low Q?
indicating that the replication of Al and Zn based on TSS and TOC loads are less
reliable. This suggests that traffic and anthropogenic factors such as average daily
traffic volume can play an important role in Al and Zn build-up in addition to the
characteristics of TSS and TOC. Though Cu has a high RPE value, it has relatively



lower SECV and moderate Q? values. Therefore, the model for Cu can be used in
preliminary investigations.

Table 3: PLS regression results

Metal Regression parameters Error values ,  Variance
@l Constant TS TOC  SECV RPE O Explained
Al 24.3 16.2 -306.6 132 65 35 80
Cr 0.18 0.12 -1.8 0.5 36 78 92
Cu 1.0 0.21 -4.5 1.4 45 56 84
Zn 16.5 5.3 -131.4 50 69 22 75
Pb 0.26 0.22 2.4 0.6 21 92 96

4, Conclusions

The primary conclusions from the investigation of pollutant build-up on the impervious

surfaces of a commercial seaport are:

e The solids load in the build-up is the highest followed by organic carbon. Among
metals, Al load is the highest followed by Zn load. Pb, Cu and Cr loads are
moderate, while As, Cd, Ni and Hg are relatively very low.

e The inter-modal operations site and the access roadway have relatively higher
pollutant loads followed by the container storage and vehicle marshalling sites. The
quay line and short term storage areas have the lowest pollutant loads. The observed
trend in pollutant loads are attributed to a range of site-specific characteristics such
as the type of impervious surfaces and the nature of the anthropogenic activities.

e Cr, Al, Pb, Cu and Zn are predominantly attached to the solids and significant
amount of Cu, Pb and Zn are found as nutrient complexes. Solids and nutrients out-
compete organic carbon in forming complexes with metal ions in the build-up.

e Mathematical models developed to replicate the build-up process for Cr and Pb are
more reliable because of the acceptable relative prediction errors, low standard error
of cross-validation and high cross-validated coefficient of determination.

e In contrast, the models for Al and Zn have high relative prediction errors, high
standard error of cross-validation and low cross-validated coefficient of
determination suggesting that these are relatively less reliable. This is attributed to
the fact that Al and Zn build-up is governed by traffic factors such as average traffic
volume rather than the solids and organic carbon present in the build-up.

e The predictive model developed for Cu has a high relative prediction error.
However, due to the fact that it has a relatively lower standard error of cross-
validation and high cross-validated coefficient of determination, suggests that the
model can be useful in preliminary investigations.

Acknowledgments
We wish to thank the Port of Brisbane Corporation for the providing funding for
undertaking this research project.

Supplementary information

The Supplementary information provided include the data matrix used in the study,
assignment of levels to each variable for statistical design of the field based
experiments, ordering of the data matrix according to Taguchi design, results of Taguchi

10



orthogonal array design and the Formulae used for error function and the Matlab codes
used for PLS.

5. References

APHA, 2005, Standard Methods for the Examination of Water and Waste Water.
American Public Health Association, Washington, D.C.

Brereton, R.G., 2003. Chemometrics: Data analysis for laboratory and chemical plant.
John Wiley & Sons, Ltd, West Sussex.

Egodawatta, P., Ziyath, A.M., Goonetilleke, A., 2013. Characterising metal build-up on
urban road surfaces. Environ. Pollut. 176, 87-91.
doi:10.1016/j.envpol.2013.01.021

Egodawatta, P., 2007. Translation of small-pilot scale pollutant build-up and wash-off
measurements to urban catchment scale. PhD thesis, Queensland University of
Technology.

Gao, X., Chen, C.T.A,, 2012. Heavy metal pollution status in surface sediments of the
coastal Bohai Bay. Water Res. 46, 1901-1911. doi:10.1016/j.watres.2012.01.007

Ghasemi, S., Khoshgoftarmanesh, A.H., Afyuni, M., Hadadzadeh, H., Schulin, R.,
2013. Zinc-amino acid complexes are more stable than free amino acids in saline
and washed soils. Soil Biol. Biochem. 63, 73-79.
d0i:10.1016/j.s0ilbi0.2013.03.025

Goonetilleke, A., Egodawatta, P., Kitchen, B., 2009. Evaluation of pollutant build-up
and wash-off from selected land uses at the Port of Brisbane, Australia. Mar.
Pollut. Bull. 58, 213-221. doi:10.1016/j.marpolbul.2008.09.025

Gunawardana, C., Egodawatta, P., Goonetilleke, A., 2014. Role of particle size and
composition in metal adsorption by solids deposited on urban road surfaces.
Environ. Pollut. 184, 44-53. doi:10.1016/j.envpol.2013.08.010

Gunawardana, C., Egodawatta, P., Goonetilleke, A., 2015. Adsorption and mobility of
metals in build-up on road surfaces. Chemosphere 119, 1391-1398.
doi:10.1016/j.chemosphere.2014.02.048

Gunawardena, J., Ziyath, A.M., Bostrom, T.E., Bekessy, L.K., Ayoko, G. A.,
Egodawatta, P., Goonetilleke, A., 2013. Characterisation of atmospheric deposited
particles during a dust storm in urban areas of Eastern Australia. Sci. Total
Environ. 461-462, 72-80. doi:10.1016/j.scitotenv.2013.04.080

Gunawardena, J., Ziyath, A.M., Egodawatta, P., Ayoko, G.A., Goonetilleke, A., 2014.
Mathematical relationships for metal build-up on urban road surfaces based on
traffic and land use characteristics. Chemosphere 99, 267-271.
doi:10.1016/j.chemosphere.2013.10.068

Herngren, L., Goonetilleke, A., Ayoko, G.A., 2006. Analysis of heavy metals in road-
deposited sediments. Anal. Chim. Acta 571, 270-278.

Kucuksezgin, F., Kontas, A., Uluturhan, E., 2011. Evaluations of heavy metal pollution
in sediment and Mullus barbatus from the 1zmir Bay (Eastern Aegean) during
1997-2009. Mar. Pollut. Bull. 62, 1562-1571.
doi:10.1016/j.marpolbul.2011.05.012

MathWorks, 2013, MATLAB & Simulink (Version R2013a): MathWorks Inc.
Massachusetts, USA.

Mahbub, P., Goonetilleke, A., Ayoko, G.A., 2011. Prediction model of the buildup of
volatile organic compounds on urban roads. Environ. Sci. Technol. 45, 4453-4459.
d0i:10.1021/es200307x

11



Mostert, M.M.R., Ayoko, G.A., Kokot, S., 2010. Application of chemometrics to
analysis of soil pollutants. TrAC Trends Anal. Chem. 29, 430-445.
doi:10.1016/j.trac.2010.02.009

Ogunkunle, C.O., Ziyath, A.M., Rufai, S.S., Fatoba, P.O., In Press, Surrogate approach
to determine heavy metal loads in a moss species — Barbula lambaranensis. J King
Saud Univ Sci. doi:10.1016/j.jksus.2015.11.002

Owen, R.B., Sandhu, N., 2000. Heavy metal accumulation and anthropogenic impacts
on Tolo Harbour , Hong Kong. Mar. Pollut. Bull. 40, 174-180.

Park, E.S., Hopke, P.K., Oh, M.S., Symanski, E., Han, D., Spiegelman, C.H., 2014.
Assessment of source-specific health effects associated with an unknown number
of major sources of multiple air pollutants: A unified Bayesian approach.
Biostatistics 15, 484-497. doi:10.1093/biostatistics/kxu004

Ruiz, I.L., Urbano-Cuadrado, M., Gémez-Nieto, M.A., 2008. Approximate similarity
and QSAR in the study of spirosuccinimide type aldose reductase inhibitors. J.
Math. Chem. 43, 1549-1559. d0i:10.1007/s10910-007-9283-1

Singh, B., Gilkes, R.J., 1992. Properties and distribution of iron oxides and their
association with minor elements in the soils of south-western Australia. J. Soil Sci.
43, 77-98. doi:10.1111/].1365-2389.1992.th00121.x

Uchimiya, M., Klasson, K.T., Wartelle, L.H., Lima, I.M., 2011. Influence of soil
properties on heavy metal sequestration by biochar amendment: 1. Copper sorption
isotherms and the release of cations. Chemosphere 82, 1431-1437.
doi:10.1016/j.chemosphere.2010.11.050

USEPA, 1994, Mercury in liquid waste (manual cold-vapor technique), US
Environmental Protection Agency, Washington D.C.

USEPA, 1996, Inductively Coupled Plasma-Atomic Emission Spectrometry, US
Environmental Protection Agency, Washington D.C.

USEPA, 2001, Method 200.7: Trace elements in water, solids, and biosolids by
Inductively Coupled Plasma-Atomic Emission Spectrometry, US Environmental
Protection Agency, Washington D.C.

Weber, W.J., McGinley, P.M., Katz, L.E., 1991. Sorption phenomena in subsurface
systems: Concepts, models and effects on contaminant fate and transport. Water
Res. 25, 499-528. d0i:10.1016/0043-1354(91)90125-A

Wu, Y.H., Lucke, A., Winnemann, B, Li, S.J., Wang, S.M., 2007. Holocene climate
change in the Central Tibetan Plateau inferred by lacustrine sediment geochemical
records. Sci. China, Ser. D Earth Sci. 50, 1548-1555. d0i:10.1007/s11430-007-
0113-x

Zhou, J.G., Herscovici, D., Chen, C.C., 2000. Parametric process optimization to
improve the accuracy of rapid prototyped stereolithography parts. Int. J. Mach.
Tools Manuf. 40, 363-379. d0i:10.1016/S0890-6955(99)00068-1

12



SUPPLEMENTARY INFORMATION

Build-up of toxic metals on the impervious surfaces of a commercial seaport

Abdul M. Ziyath, Prasanna Egodawatta, Ashantha Goonetilleke”

Science and Engineering Faculty, Queensland University of Technology, GPO Box

2434, Brisbane QLD 4001, Australia.

E-mail: mohamed.ziyath@qut.edu.au; p.egodawatta@qut.edu.au;

a.goonetilleke@qut.edu.au

*Corresponding Author: Ashantha Goonetilleke; Tel: 61 7 3138 1539; Fax: 61 7 3138

1170

email: a.goonetilleke@qut.edu.au

13


mailto:mohamed.ziyath@qut.edu.au
mailto:p.egodawatta@qut.edu.au
mailto:a.goonetilleke@qut.edu.au

Table S1: Data matrix used in the study after removing mercury, arsenic,
cadmium and nickel (The loads are in mg/3m? except for TSS, which is in g/3m?)

D Al Cr Cu Zn Pb TP TN TSS TOC
la 78 0.25 11 17 0.47 51 78 8.9 56
2a 232 2.8 4.7 102 7.5 11 51 17 249
2b 142 1.6 3.6 36 3.6 52 22 10 235
2c 36 0.48 1.7 23 1.7 1.6 8.3 8.1 70
2d 44 0.54 2.2 38 2.2 1.7 20 10 64
2e 8.9 0.10 0.70 8.6 0.50 0.00 3.2 1.0 58
3a 14 0.11 0.26 7.1 0.32 0.00 3.7 1.2 25
3b 7.6 0.08 0.45 4.4 0.20 0.00 9.3 0.70 78
3c 3.1 0.02 0.39 2.0 0.06 0.00 6.2 0.11 171
ad 11 0.00 0.16 0.97 0.00 0.00 9.3 0.09 171
3e 0.93 0.00 0.09 0.86 0.00 0.00 6.2 0.03 265
4a 30 0.18 2.5 9.3 0.25 35 8.5 2.4 60
4b 17 0.11 2.7 4.8 0.18 0.00 23 3.0 76
4c 3.3 0.03 0.60 1.5 0.06 0.00 15 0.26 45
4d 3.2 0.03 0.88 1.5 0.20 0.00 20 0.45 30
4e 4.4 0.03 0.94 9.7 0.00 0.00 17 0.09 30
5a 648 5.7 6.0 206 8.1 28 93 66 471
5f 0.00 0.04 0.33 1.7 0.00 0.00 17 2.8 368
5b 607 4.8 5.4 76 4.8 20 26 25 0.00
5c 442 2.8 3.5 86 3.7 0.00 26 18 55
5d 239 14 2.0 66 3.1 0.00 11 7.7 37
Se 53 0.96 1.6 33 0.88 0.00 11 1.5 18
6a 541 4.7 18 424 14 219 380 61 614
6f 238 1.6 7.5 115 4.4 99 329 0.00 219
6b 18 0.22 13 18 0.18 55 91 26 146
6c 179 1.7 7.0 128 5.1 48 69 15 18
6d 102 0.90 3.7 108 3.3 35 57 11 18
6e 183 1.2 8.2 329 5.3 74 133 16 37

Note: ®In the site ID, the number denotes the sites, while the small cap letter denotes the particle size; 1 —
Vehicle marshalling area, 2 — Container storage facility, 3 — Container terminal, 4 — Quay line; 5 — Inter-
modal operation area; 6 — Roadway; a — total particulates, f - particle size < 0.75 pm, b — particle size 0.75
— 75 pm, ¢ - particle size 75 — 150 pm, d - particle size 150 — 300 um, ¢ - particle size > 300 um.
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Assigning levels to each variable in statistical design of field based experiments
The following steps were followed in assigning levels for variables in a field
experimental design:

Step 01: Minimum, 33" percentile, 67" percentile and maximum for TSS and TOC
were calculated from the outlier free data matrix (Table S2).

Table S2: Descriptive statistics for TSS and TOC

Descriptive statistics TSS (g/3m°?) TOC (g/3m?)
Minimum 0.03 0.00
33" percentile 1.2 0.04
67" percentile 10 0.08
Maximum 26 0.37

Step 02: Three level Taguchi design was used in this study. The three levels were
determined based on Table S2 and are presented in Table S3.

Table S3: TSS and TOC ranges assigned for levels

Level Range TSSrange TOC range
1 Minimum — 33r“dpercentile ! 0.03-1.2  0.00-0.04

. . r - 1!
5 slightly higher than 33" percentile — 67 13-10 0.05—0.08

percentile
3 slightly higher than 67" percentile - Maximum 11-26 0.09 - 0.37

Step 03: Taguchi array corresponding to two factors with three levels were chosen and
the data matrix was ordered according to the design as shown in Table S4.
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Table S4: Ordering the data matrix according to Taguchi design (Similar colors
indicate similar levels)

Taguchi Array Experimental Data

TSS TOC TS TOC Al Cr Cu Zn Pb
3.2 0.03 0.88 15 0.20

4.4 0.03 0.94 9.7 0.00

8.9 0.10 0.70 8.6 0.50

3.3 0.03 0.60 15 0.06

7.6 0.08 0.45 44 0.20

3.1 0.02 0.39 2.0 0.06

11 0.00 0.16 0.97 0.00

0.93 0.00 0.09 0.86 0.00

2 14 0.11 0.26 7.1 0.32
2 . 53 0.96 1.6 33 0.88
2 2 2.4 0.06 30 0.18 2.5 9.3 0.25
2 2 3.0 0.08 17 0.11 2.7 4.8 0.18
2 2 8.1 0.07 36 0.48 1.7 23 1.7
2 2 10 0.06 43 0.54 2.2 38 2.2
2 2 8.9 0.06 78 0.25 11 17 0.47
2 2 7.7 0.04 239 1.4 2.0 66 3.1
2 3 2.8 0.37 0.00 0.04 0.33 1.7 0.00
3 25 607 4.8 5.4 75 4.8
3 15 179 1.7 7.0 128 5.1
3 11 102 0.90 3.7 108 3.3
3 16 183 1.2 8.2 329 5.3
3 2 18 0.06 442 2.8 35 86 3.7
3 3 17 0.25 232 2.8 4.7 102 7.5
3 3 10 0.24 142 1.6 3.6 36 3.6
3 3 26 0.15 18 0.22 13 18 0.18

Step 04: The average of each experimental combination was calculated to develop the
calibration matrix used for Partial Least Squares Regression as shown in Table S5
(Same as Table 2 in the manuscript).

Table S5: Results of Taguchi orthogonal array design

Taguchi Array  Independent variable load Dependent variable load
TS TOC TSS TOC Al Cr Cu Zn Pb
1 1 0.27 0.03 3.78 0.03 0.91 5.59 0.10
1 2 0.65 0.05 6.11 0.06 0.65 5.03 0.28
1 3 0.23 0.17 3.19 0.02 0.27 2.05 0.07
2 1 1.36 0.02 33.54 0.53 0.95 20.12 0.60
2 2 6.72 0.06 73.92 0.49 2.05 26.43 1.31
2 3 2.76 0.37 0.00 0.04 0.33 1.66 0.00
3 1 16.49 0.02 267.92 2.13 6.05 160.12 4.62
3 2 18.41 0.06 441.73 2.76 3.50 86.50 3.68
3 3 17.79 0.21 130.82 1.53 3.22 52.21 3.77
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Formulae for error function and the Matlab codes used for PLS

Error functions

X 100%

2
Z(Ypredicted - Ymeasured)
RPE = :
Z Ymeasured

2
SECV = \/Z(Ypredicted 1; Ymeasured)

2
Z(Ypredicted - Ymeasured)

— X 100%
Z(Y - Ymeasured)2

Q2=[1—

where N is the number of samples, Y redicted IS the metal loads predicted using the
developed models, Y measured is the metal loads measured from the experimental data and
Y is the mean of Y measured.

Matlab codes

function [b,RPE,SECV,Q2,VARI] = CVPLS (x,y)

%CVPLS returns Partial Least Squares regression coefficients (b) with %relative
prediction error (RPE), standard error of cross-validation %(SECV) and cross-validated
coefficient of determination (Q2). The %input y is the data matrix containing dependent
variables and x is %the data matrix containing independent variables.

[XL,YL,XS,YS,b,VARI] = plsregress(x,y);

%Matlab built-in function that performs partial least squares %regression and returns
the regression coefficients matrix, b. The %first element of matrix b is the constant
followed by regression %coefficients.

PredictMatrix = [];

for n = 1:length(y)

%Data matrix for model development, consists of all data points except one
TestIndex = n;
TrainIndex = setdiff(1:length(y), Testindex);
X=x(TrainIndex,:);
Y=y(TrainIndex,:);
[XL1,YL1,XS1,YS1,b1l,VARIL] = plsregress(X,Y);

%Prediction of Y using regression coefficient for the one left out %sample
PredictedY = [1 x(TestIndex,:)]*b1;

%Data matrix consisting of measured and predicted values
MeasuredVsPredict = [y(TestIndex,1), PredictedY];
PredictMatrix = [PredictMatrix; MeasuredVsPredict];

end
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[NSamples NVariables] = size(X);
MeasuredY = PredictMatrix(:,1);
PredictedY = PredictMatrix(:,2);

%Relative error of prediction
RPE = 100*(sqrt (sumsqr (PredictedY-MeasuredY)/(sumsgr(MeasuredY))));

% Standard error of cross validation
SECV = sgrt(NSamples/(NSamples-1))*sqrt(sumsqr(MeasuredY -
PredictedY)/NSamples);

%Cross-validated R2

Q2 =100*(1-(sumsqr (PredictedY-MeasuredY)/sumsqr(MeasuredY -
mean(MeasuredY))));
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