Upper Hunter Dust Risk
Forecasting Scheme
Development
Final report to the NSW Environment
Protection Authority

© 2017 State of NSW and Office of Environment and Heritage
With the exception of photographs, the State of NSW and Office of Environment and Heritage are pleased to allow
this material to be reproduced in whole or in part for educational and non-commercial use, provided the meaning is
unchanged and its source, publisher and authorship are acknowledged. Specific permission is required for the
reproduction of photographs.
The Office of Environment and Heritage (OEH) has compiled this report in good faith, exercising all due care and
attention. No representation is made about the accuracy, completeness or suitability of the information in this
publication for any particular purpose. OEH shall not be liable for any damage which may occur to any person or
organisation taking action or not on the basis of this publication. Readers should seek appropriate advice when
applying the information to their specific needs.
All content in this publication is owned by OEH and is protected by Crown Copyright, unless credited otherwise. It is
licensed under the Creative Commons Attribution 4.0 International (CC BY 4.0) , subject to the exemptions contained
in the licence. The legal code for the licence is available at Creative Commons .
OEH asserts the right to be attributed as author of the original material in the following manner: © State of New South
Wales and Office of Environment and Heritage 2016.

Acknowledgements
This report was authored by Ningbo Jiang, Climate and Atmospheric Science, OEH. The project was jointly funded by
the NSW Environment Protection Authority (EPA) and OEH. Special thanks go to Mitchell Bennett, Emma Coombs
and Michael Johnson from EPA for helpful discussions on the analysis, Yvonne Scorgie and Matt Riley from OEH for
facilitating the undertaking of this project, and to Asye Bilgin from Department of Statistics, Macquarie University for
reviewing the draft of this report.

Published by:
Office of Environment and Heritage
59 Goulburn Street, Sydney NSW 2000
PO Box A290, Sydney South NSW 1232
Phone: +61 2 9995 5000 (switchboard)
Phone: 131 555 (environment information and publications requests)
Phone: 1300 361 967 (national parks, general environmental enquiries, and publications requests)
Fax: +61 2 9995 5999
TTY users: phone 133 677, then ask for 131 555
Speak and listen users: phone 1300 555 727, then ask for 131 555
Email: info@environment.nsw.gov.au
Website: www.environment.nsw.gov.au

Report pollution and environmental incidents
Environment Line: 131 555 (NSW only) or info@environment.nsw.gov.au
See also www.environment.nsw.gov.au

ISBN 978-1-76039-995-5
OEH 2017/0707
August 2017

Find out more about your environment at:

www.environment.nsw.gov.au

Contents
List of figures.......................................................................................... iv
List of tables ........................................................................................... vii
Glossary and abbreviations .................................................................... vii
Executive summary ................................................................................ ix
1

Introduction ...................................................................................... 1
1.1 Background ................................................................................................ 1
1.2 Project scope .............................................................................................. 2
1.3 Timeframe and milestones ......................................................................... 3
1.4 Scope of this report..................................................................................... 3

2

Methodological overview .................................................................. 4

3

Data collection and processing ........................................................ 6
3.1 Air quality data (source: OEH) .................................................................... 6
3.2 Meteorological data (source: OEH/BOM) ................................................... 8
3.3 Data quality assurance ............................................................................... 9

4

Exploratory data analysis ............................................................... 11
4.1 Air quality (PM10) data analysis ................................................................. 11
4.2 Meteorological data analysis .................................................................... 19
4.3 PM10 concentrations as a function of wind speed and direction ................ 27
4.4 Incremental PM10 pollution load under NW or SE wind conditions ........... 29

5

Incremental dust risk metric ........................................................... 31
5.1 Rationale .................................................................................................. 31
5.2 Definition of incremental dust risk metric .................................................. 32
5.3 Dust risk metric versus AQI category at Singleton and Merriwa ............... 35
5.4 Metric threshold level and rare dust risk events ........................................ 36
5.5 Inter-annual, seasonal and weekday/weekend variations ......................... 37

6

Dust risk forecasting scheme ......................................................... 39
6.1 Forecasting scheme design ...................................................................... 39
6.2 Building dust risk forecasting models........................................................ 40
6.3 Adverse meteorological conditions associated with high incremental dust
risks .......................................................................................................... 52
6.4 Possible extension of the forecasting scheme development .................... 54

iii

7

Summary and recommendations ................................................... 56

8

References .................................................................................... 58

Appendix 1: Scatter plots of meteorological variables versus M2 (dust
risk metric) ..................................................................................... 60
Appendix 2: Spearman correlations between meteorological variables
and M2 (dust risk metric)................................................................ 91
Appendix 3: Auto-correlations and cross-correlations in PM10
concentrations ............................................................................... 93
Appendix 4: Scatter plots between meteorological variables for different
times of the day ........................................................................... 104
Appendix 5: Seasonality in meteorological variables ........................... 109
Appendix 6: Diurnal variability in wind conditions at the Muswellbrook site
.................................................................................................... 117

List of figures
Figure 1: Schematic of the proposed hybrid scheme for incremental dust risk
forecasting ................................................................................................... x
Figure 2: Schematic map of the Upper Hunter Valley. Yellow squares indicate
locations of 14 air quality monitoring stations in the Upper Hunter Air
Quality Monitoring Network (UHAQMN) operated by OEH ......................... 2
Figure 3: Flowchart of the 10 main steps for delivering the project............................. 4
Figure 4: Data summary plots – hourly PM10 and wind data at the Singleton site. Left:
time series; right: histogram...................................................................... 10
Figure 5: Box plots of daily PM10 data by site ........................................................... 12
Figure 6: Box plots of daily PM10 data by month for the Singleton and Muswellbrook
sites .......................................................................................................... 13
Figure 7: Mean daily PM10 concentrations and 95% confidence intervals (CI) by
month and year for the Singleton and Muswellbrook sites. Data: all days in
2012–2015 ............................................................................................... 14
Figure 8: Mean daily PM10 concentrations and 95% confidence intervals (CI) by day
of the week for the Singleton and Merriwa sites. Data: all days in 2012–
2015 ......................................................................................................... 15
Figure 9: Diurnal variations of hourly PM10 concentrations at the Merriwa and
Singleton sites .......................................................................................... 15
Figure 10: Pairwise Spearman correlation coefficients of daily PM10 concentrations
among the 14 monitoring stations (data: non-event days in 2012–2015) . 17

iv

Figure 11: Loadings of 24-hour average PM10 concentrations on two Varimax
(orthogonally) rotated principal components from a Varimax rotated PCA
on daily PM10 concentration data for non-event days in 2012–2015 ........ 18
Figure 12: Schematic of two air quality (PM10) subregions in the Upper Hunter valley,
as is defined by two leading principal components from a Varimax rotated
PCA on the daily PM10 concentration data for non-event days in 2012–
2015. Red balloons indicate locations of 14 monitoring stations in the
UHAQMN.................................................................................................. 18
Figure 13: Daily air quality (PM10) by site and AQI category (data: all days in 2012–
2015) ........................................................................................................ 19
Figure 14: Total number of poor air quality (PM10) days by month (data: all days in
2012–2015) .............................................................................................. 19
Figure 15: Total number of poor air quality (PM10) days by year and site (data: all
days in 2012–2015) .................................................................................. 19
Figure 16: Minimum and maximum temperatures at Singleton by month (data: all
days in 2012–2015) .................................................................................. 20
Figure 17: Mean monthly rainfall at the Singleton and Muswellbrook areas during
2012–2015 ............................................................................................... 21
Figure 18: Pooled regional wind conditions. Data: hourly wind records for 2011–2015
from 14 monitoring sites. Hours with zero wind speed are defined as calm
conditions ................................................................................................. 22
Figure 19: Pooled regional wind conditions by season and year. Data: hourly wind
records for 2011–2015 from 14 monitoring sties. Note that wind data for
2011 are only available from the Singleton and Muswellbrook sites. Hours
with zero wind speed are defined as calm conditions ............................... 23
Figure 20: Wind roses for individual sites. Data: hourly wind records for 2011–2015 at
the Singleton and Muswellbrook sites and for 2012–2015 at other sites.
Hours with zero wind speed are defined as calm conditions .................... 24
Figure 21: Wind rose by hour (1 to 24) of the day for each season. Data: hourly wind
records for 2011–2015 at the Singleton site. Hours with zero wind speed
are defined as calm conditions ................................................................. 26
Figure 22: PM10 polar plot by site: mean hourly PM10 concentrations as a function of
wind speed and direction .......................................................................... 28
Figure 23: Diurnal PM10 polar plots for Singleton: mean hourly PM10 concentrations
as a function of wind speed and direction................................................. 28
Figure 24: Wind rose under each AQI category for the Singleton site ...................... 29
Figure 25: Diurnal variations of PM10 concentrations by site under NW and SE wind
conditions. The curves for Singleton, Singleton South (singletons),
Muswellbrook (muswell) and Merriwa are highlighted with thicker lines ... 30
Figure 26: Mean PM10 concentrations are shown by hour of day, day of week and
month of year for two background sites (Merriwa and Singleton South) and
three large population centres (Aberdeen, Muswellbrook and Singleton) . 30
Figure 27: Spearman correlation coefficients between potential metrics (M2 and M7)
and 24-hour PM10 concentrations at individual sites for non-event days in
2012–2015 ............................................................................................... 34

v

Figure 28: Histograms of the dust risk metric (M2) by daily PM10 AQI category
recorded at the Singleton and Merriwa sites (only for non-event days in
2012–2015) .............................................................................................. 36
Figure 29: Mean metric (M2) values and 95% confidence intervals (CI) by year,
month and day of week for non-event days in 2012–2015 ....................... 38
Figure 30: Schematic of the proposed hybrid scheme for incremental dust risk
forecasting ................................................................................................ 39
Figure 31: Schematic of the model building process ................................................ 41
Figure 32: Scatter plots of daily M2 values versus 13:00 AEST hourly u and v
components of winds at the Singleton site for 2012–2015. Fit lines are
based on loess smoothing ........................................................................ 46
Figure 33: Scatter plots of daily M2 values versus 7:00 AEST hourly temperature at
the Merriwa site (left) and 13:00 AEST hourly relative humidity at the
Singleton site (right), respectively for data in 2012–2015. Fit lines are
based on loess smoothing ........................................................................ 46
Figure 34: Scatter plots of daily M2 values versus 24-hour rainfall (left) and total
number of (consecutive) dry days (right) in the Singleton area................. 47
Figure 35: Backpropagation neural network predicted versus observed M2 values.
Definition of M2top5 categories: 1 indicates low-risk category (under); 2
indicates high-risk category (top 5%)........................................................ 48
Figure 36: Schematic of a decision tree (flowchart) defined through CART (rpart) for
sample split RS3 (Model3a). Variables are described in the tables .......... 53
Figure 37: Schematic of a decision tree (flowchart) defined through C5.0 (C50) for
sample split RS4 (Model4b). Variables are described in the tables .......... 54
Figure 38: Scatter plots between M2 and individual meteorological variables defined
in Table 9. Fit lines are based on loess smoothing ................................... 90
Figure 39: Examples of Spearman correlations between M2 and meteorological
variables (wind speed, u and v components, relative humidity and
temperature) at 7:00, 13:00 and 19:00 AEST in spring ............................ 91
Figure 40: Examples of Spearman correlations between M2 and the accumulative
rainfall totals for N days (N=0, 1, 2 … 29, 30) prior to the forecast day in
winter and summer ................................................................................... 92
Figure 41: Examples of partial auto-correlation functions (ACFs) of PM10
concentrations for a lag of 1–16 days ....................................................... 96
Figure 42: Examples of cross-correlation functions (CCFs) of PM10 concentrations for
a lag of ± 1–7 days ................................................................................. 103
Figure 43: Examples of scatter plots between meteorological variables at different
times of the day ...................................................................................... 108
Figure 44: Examples showing the seasonality in meteorological variables ............ 116
Figure 45: Wind roses for each hour (1 to 24) of the day by season. Data: hourly wind
speed and direction records for 2011–2015 from the Muswellbrook site 120

vi

List of tables
Table 1: Summary of the project timeframes and milestones ..................................... 3
Table 2: Air quality and meteorological variables included in this study ..................... 6
Table 3: Station type and purpose. Source: adapted from OEH (2012) ..................... 7
Table 4: Summary of air quality data availability for 14 monitoring stations in the
UHAQMN. The data count (N) is in number of days ................................... 8
Table 5: Description of multiple incremental dust risk indicators .............................. 32
Table 6: Spearman correlation coefficients between potential metrics (column) and all
dust risk indicators (rows). All values except those in italics are significant
at the 0.05 level for a two-tailed t-test. Data: derived indicator values for
non-event days in 2012–2015. Colour scale is used to highlight large
positive (red) and large negative (green) correlations .............................. 33
Table 7: Summary statistics of selected regional/subregional dust risk indicators
(data: non-event days in 2012–2015) ....................................................... 35
Table 8: Contingency table of M2 categories versus Singleton AQI categories based
on data for non-event days in 2012–2015 ................................................ 37
Table 9: Predictive variables for building the M2 category forecasting models ........ 43
Table 10: Training and testing datasets: sample sizes (days) by random sample splits
................................................................................................................. 49
Table 11: Interpretation of six performance statistics. Source: adapted from USEPA
(2003) ....................................................................................................... 49
Table 12: Model evaluation on the training dataset: performance statistics for the
CART, C5.0, logistic regression models, compared to random (no-model)
forecast. Evaluation cut-off: top 5% and under ......................................... 50
Table 13: Model evaluation on the testing dataset: performance statistics for the
CART, C5.0, logistic regression models, compared to random (no-model)
forecast. Evaluation cut-off: top 5% and under ......................................... 51

Glossary and abbreviations
ACCESS:
Accuracy (A):
AEST:
Air quality
subregions:

AQI:
AQI category:

Australian Community Climate and Earth-System Simulator
a forecast performance statistic indicating the percentage of forecasts in which
the event or non-event are correctly predicted
Australian Eastern Standard Time
two distinct air quality (PM10) clusters, i.e. the SE and WNW subregions, which
are defined by the two leading principal components from a Varimax-rotated
principle component analysis on the daily PM10 concentrations at 14 sites in
the Upper Hunter valley. The WNW subregion includes monitoring sites in the
northern and western parts of the valley, while the SE subregion consists of
monitoring sites in the north-eastern part of the valley
air quality index
three AQI categories were defined in Jiang and Riley (2015) from the six
standard OEH AQI classes, with Category 1 including the very good and good
AQI classes, Category 2 the fair AQI class, and Category 3 the poor, very poor
and hazardous AQI classes

vii

Bias (B):
BOM:
C5.0:
CART:
CI:
Critical success
index (CSI):
Daily rainfall for the
Singleton area:
Daily rainfall for the
Muswellbrook area:
dry days:

a forecast performance statistic indicating on average whether the forecasts
are under-predicting (false negative) or over-predicting (false positive)
Australian Bureau of Meteorology
classification tree algorithm version C5.0
classification and regression tree algorithm
confidence interval
a forecast performance statistic indicating how well the high-pollution events
were predicted; it is unaffected by the large number of correctly forecasted,
low-pollution events
daily average of rainfall recorded at Singleton and Bulga
daily average of rainfall recorded at Muswellbrook and the Scone Airport

days with daily rainfall in an area less than or equal to a specified threshold
value, i.e. arbitrarily 0mm, 0.5mm, 1mm or 2mm
False alarm rate
a forecast performance statistic indicating the percentage of times a forecast
(FAR):
of high pollution did not actually occur
Forecast day:
the day for which a forecast is issued
an incremental dust risk metric defined in this text as the difference in daily
M2:
PM10 concentrations between the Singleton (near a major population centre in
the SE air quality subregion) and Merriwa (a background site in the WNW air
quality subregion) air quality monitoring stations in the UHAQMN
MSLP:
mean sea level pressure
days on which the PM10 levels in the Upper Hunter valley are not significantly
non-event days:
affected by bushfire or dust storm
days with daily rainfall for an area greater than a specified threshold value, i.e.
non-dry days:
arbitrarily 0mm, 0.5mm, 1mm or 2mm
Number of
total number of consecutive days with daily rainfall for the Singleton or
consecutive dry
Muswellbrook area less than a specified (arbitrarily chosen) threshold value,
days:
i.e. arbitrarily 0mm, 0.5mm, 1mm or 2mm per day, prior to the forecast day
NWP:
numerical weather prediction
Past n-day
sum of daily rainfall for the Singleton or Muswellbrook area for the past 1, 2…,
accumulative rainfall: or 30-day period prior to the forecast day
PC:
principal component derived from a principal component analysis
PCA:
principal component analysis
airborne particulate matter with an aerodynamic diameter less than 10
PM10:
micrometres
Poor air quality day: a day on which the 24-hour average PM10 concentration measured at a site
exceeds the national 24-hour PM10 standard of 50µg/m 3
Probability of
a forecast performance statistic indicating the ability of a model or system to
detection (POD):
predict high-pollution events
RS:
random sample
a forecast performance statistic indicating the percentage of improvement in
Skill:
the accuracy of a decision tree or logistic regression model with respect to the
reference model (e.g. random forecast)
TAPM:
The Air Pollution Model
UH:
Upper Hunter
UHAQMN:
Upper Hunter air quality monitoring network

viii

Upper Hunter Dust Risk Forecasting Scheme Development: Final Report to the NSW EPA

Executive summary
The NSW Environment Protection Authority (EPA) was seeking an investigation of the
meteorological conditions that give rise to adverse air quality (as PM10) conditions in the
Upper Hunter region. The intention was to develop an operational forecasting scheme that
would allow dust generating activities to be modified or ceased when the relevant
meteorological conditions are anticipated. Due to resource constraints, this work has been
undertaken under joint investment by the EPA and Office of Environment and Heritage
(OEH). This report documents the main project outputs so far, in particular focusing on two
aspects: a) providing an integrated summary of the multi-year PM10 data for the Upper
Hunter region; and b) documenting the progress in the development of an incremental dust
risk forecasting scheme for the Upper Hunter region. The project had four major
achievements.
First, the project has provided a comprehensive summary of the multi-year PM10 data from
the Upper Hunter air quality monitoring network (UHAQMN) for the first time since the
commencement of the network. One significant finding is the identification of two distinct air
quality (PM10) clusters in the valley, i.e. the south-east (SE) and west-north-west (WNW) air
quality subregions. The variability in daily PM10 pollution within the two subregions can be
summarised by two dimensionless principal component time series, or alternatively, by PM10
time series from a subset of (representative) monitoring stations in the network.
Second, an incremental dust risk metric has been established to indicate the impact of the
within-valley PM10 emissions primarily on the SE subregion under north-westerly wind
conditions. The metric is defined as the difference in daily PM10 concentrations between the
Singleton (in the SE subregion) and Merriwa (in the WNW subregion) air quality monitoring
stations in the UHAQMN. Essentially, high metric values indicate the elevated level of dust
generation from an area of the valley that is dominated by coal mining.
Third, the relationship between the dust risk metric and a large number of meteorological
variables has been explored in an effort to identify a small (minimal) set of parameters that
serve to effectively indicate adverse conditions due to impacts from PM10 emissions in the
valley. The results show that correlations between high metric values and meteorological
conditions are complex and generally non-linear, and vary considerably across seasons,
sites and variables. In other words, an effective interpretation of high dust risk conditions
requires the application of a more holistic approach; for example, the use of variables from
multiple sites and time points and the inclusion of dust emissions data in the analysis.
Forth, an incremental dust risk forecasting scheme has been proposed for dust risk
management purposes (Figure 1). The scheme forecasts days with elevated dust risk in the
SE subregion under north-westerly wind conditions. It consists of four system layers and five
major components. The system layers reflect the steps for undertaking a forecasting task.
The five components are: 1) risk assessment (modelling) driven by the Australian Bureau of
Meteorology (BOM) or OEH meteorological forecast; 2) risk assessment based on domain
knowledge; 3) risk assessment based on information on bushfires, dust storms or other
unusual events; 4) post-processing (integrating) the outputs from 1) to 3); and 5) issuing a
final dust risk forecast and undertaking risk control measures if needed. The scheme can be
implemented simply within Microsoft Excel, or alternatively, can be established in the R or
SAS environment for automation.
Recommendations on future improvement to the forecasting scheme are also provided in the
report. Based on the project outputs so far, future work includes: a) finalising the forecasting
scheme for operational use if deemed appropriate by the EPA; b) undertaking technology
transfer, staff training and final documentation as required in EPA (2015); and c) evaluating
the forecasting scheme with historical meteorological forecasts and putting the improved (if
needed) scheme on operational trial.
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More details on the project findings can be found in Sections 1 to 7 of this report. Section 1
gives a brief introduction on the context, scope, timeframe and milestones of the project,
while Section 2 provides a methodological overview for the project. Section 3 describes data
collection, data processing and quality assurance. Section 4 summarises the relevant
findings from an exploratory data analysis of the air quality and meteorological data.
Section 5 defines the incremental dust risk metric, while Section 6 describes the design of a
dust risk forecasting scheme and the construction of statistical forecasting models. In Section
7, the main outputs from the project so far are summarised, with possible extension to the
forecasting scheme development being recommended.

Figure 1: Schematic of the proposed hybrid scheme for incremental dust risk forecasting
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1

Introduction

1.1

Background

The Upper Hunter valley region of New South Wales (NSW) is oriented in a north-west –
south-east direction, on a broad scale following the Hunter River running from Muswellbrook
to Singleton (Figure 2). It is a major coal mining area containing approximately 40% of
currently identified total coal reserves in NSW, with the major coal mines located between
Aberdeen in the north and Bulga in the south (DPI 2009). The region also has a significant
agriculture industry (dairy, beef, horse breeding and viticulture) and large electricity
generation units (Betts et al. 2014).
In recent years, potentially increased PM10 (airborne particles with an aerodynamic diameter
less than 10 micrometres) emissions have become a major air quality issue of public concern
in the region. Major sources for PM10 emissions include coal mines (e.g. wheel generated
dust, windblown dust from overburden) and surface soil erosion (windblown dust). In
addition, coal-fired electricity generation, bushfires and prescribed burns also contribute to
PM10 emissions in the valley (EPA 2013).
The Australian Coal Industry’s Research Project C19034 developed a Hunter Valley regional
dust forecasting system (EPA 2015). It used The Air Pollution Model (TAPM) to represent
meteorological conditions and associated dispersion and applied these to dust emission
estimates from Environmental Impact Statement (EIS) projections. The NSW Environment
Protection Authority (EPA) commissioned an evaluation of the performance of the forecasting
model. The evaluation found the model had insufficient skill for managing peak impacts on a
regional basis. The model generated a large number of false positives – days with PM10
levels at Singleton predicted to exceed 50 µg/m3 when they did not.
The EPA is seeking an investigation of the meteorological conditions that give rise to adverse
air quality (as PM10) conditions in the Upper Hunter region. The intention is to develop a
forecasting scheme that would allow dust generating activities to be modified or ceased
when the relevant meteorological conditions are anticipated (EPA 2015).
It is agreed that the investigation will be undertaken under joint investment by EPA and the
Office of Environment and Heritage (OEH). While the project output will be used to serve
EPA’s needs, it will also form part of the OEH Air Quality Forecasting Framework (AQFF;
Jiang et al. 2015).
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Figure 2: Schematic map of the Upper Hunter Valley. Yellow squares indicate locations of 14 air quality
monitoring stations in the Upper Hunter Air Quality Monitoring Network (UHAQMN) operated by OEH

1.2

Project scope

The project aims to reduce peak particle (as PM10) impacts by developing, evaluating and
applying a scheme for forecasting adverse weather conditions in the Upper Hunter valley.
The scheme will identify those weather conditions that cause dust emissions from within the
valley to be the dominant contributor to elevated particle concentrations measured in the
major town centres, e.g. Singleton.
The output of the project includes a forecasting scheme and accompanying final report that:
•

•

•
•
•
•
•

identifies a metric for dust risk from available data. This will relate directly to emissions in
the valley. Possible metrics include but are not limited to those described in the EPA’s
terms of reference (DOC15/522822), and the final metric will be determined in close
consultation with EPA
uses available weather and if necessary air quality data to identify a defining set of
parameter values associated with elevated dust risk in the Upper Hunter valley, or
demonstrates that no such set of values can be obtained from current data
uses the identified set of parameter values as the basis for a forecast system which is
capable of predicting adverse conditions 24 hours in advance
constructs a forecasting system (scheme) based on historic observational data
evaluates and verifies the skill and performance of the system based on historic data
and events
applies forecast meteorology to the system, using historic meteorology datasets and
forecasts for 24 hours
evaluates and verifies the skill and performance of the forecasting system based on
historic meteorology forecasts and historic PM10 concentrations.
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Scope variation
Based on the project outputs so far and due to tight timeframe and budget, EPA has agreed
that the last two tasks (i.e. the application and evaluation of the historic meteorology
forecasts) be put on hold until a further decision is made on this work.

1.3

Timeframe and milestones

The timeframe and milestones for the project are outlined in Table 1. While there was a delay
in the project commencing, it has been successful in meeting its milestones and deliverables
within the planned timeframes.
Table 1: Summary of the project timeframes and milestones
Milestone

Deliverable

Timing

Status

1

Agreement of terms and conditions
and commencement of study

Project
commencement

Completed 24 March 2016

2

Identification of dust risk metric

April 2016

Completed 29 April 2016

3

Identification of a minimal set of
weather and air quality parameters
identifying adverse conditions

May 2016

Completed 28 May 2016

4

Forecast scheme validation

No later than
28 May 2016

Completed 28 May 2016

5

Final system and report

No later than
14 June 2016

Draft report prepared,
submitted to EPA 14 June
2016

1.4

Scope of this report

This final report provides a summary of the main outputs from the project. In particular, the
report is focused on two main aspects:
1)
2)

providing for the first time an integrated summary of the multi-year PM10 data from the
Upper Hunter Air Quality Monitoring Network (UHAQMN) for the Upper Hunter region
documenting the development of a scheme for forecasting the incremental dust risk in
the Upper Hunter valley.
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2

Methodological overview

As shown in Figure 3, this project has been delivered through 10 inter-related steps, as is
adapted from the recommended process for developing air quality forecasting systems and
tools under the OEH AQFF (OEH 2015). Brief descriptions of the project steps are given
below.

Figure 3: Flowchart of the 10 main steps for delivering the project

Step 1 – Understanding user needs: an initial meeting was held between the OEH and
EPA project teams to confirm the form of collaboration, the scope of work, the lifetime of the
project, the timing of deliverables, and the communication arrangement on project progress.
Step 2 – Identifying data/information needed for developing and implementing the
incremental dust risk forecasting scheme: issues to be addressed include types and sources
of data and information, cost, data quality and format, hardware and software requirements,
data source reliability, and redundancy of meteorological forecast. The main data for this
project were obtained from OEH and the Australian Bureau of Meteorology (BOM).
Step 3 – Understanding the processes and phenomena that control air quality in the
forecast domain area: an exploratory analysis was undertaken on the observational air
quality and meteorological data to reveal the properties of PM10 pollution in the study region.
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Step 4 – Identifying an incremental dust risk metric for indicating adverse PM10
conditions in the study region: EPA requires that in providing parameters, consideration be
given to using derived parameters to simplify analysis.
Step 5 – Choosing appropriate forecasting methods and variables: the methods chosen
primarily depend on the available resources including the users’ and developer’s experience
and expertise, the severity and frequency of the air quality problem, and the urgency of the
forecasting needs. This step involves:
•
•

establishing a minimum set of weather and air quality parameters identifying adverse
conditions to use as predictive variables for a forecast system
choosing statistical forecasting techniques. EPA identified the classification and
regression tree (CART) method as one of the possible options for constructing
forecasting models. In parallel with CART, we also applied the C5.0 decision tree (nonparametric) and logistic regression (parametric) techniques for model construction.

Step 6 – Constructing 24-hour statistical forecasting models: this step involves multiple
tasks including stages such as data preparation (formatting and transformation), predictability
testing, model training and model tuning; models were constructed from subsets of
observational data (training datasets) using the CART, C5.0 and logistic regression methods.
Step 7 – Evaluating the 24-hour forecasting performance of the statistical models based
on historic data: this involves multiple tasks, including:
•
•
•
•
•
•

testing the models with observational data subsets (testing datasets)
evaluating performance of different models based on key performance statistics
determining the final model(s) to be used in the incremental dust risk forecasting scheme
assessing the accuracy of the historical BOM ACCESS meteorological forecast data
against station observations (task on hold)
assessing the performance of the statistical forecasting models using historical ACCESS
meteorological forecast data (task on hold)
applying bias correction to the statistical forecasting models if deemed necessary (task
on hold).

Step 8 – Formulating an incremental dust risk forecasting scheme for EPA: this scheme
will be put on trial in an operational environment.
Step 9 – Undertaking final project documentation and technology transfer: this
involves:
• preparing the final project report and meeting with the EPA project team
• undertaking technology transfer and staff training as required
• finalising the statistical forecasting scheme if deemed applicable.
Further details on the development of the dust risk forecasting scheme and the method for
constructing statistical forecasting models are given in Sections 6.1 and 6.2.1.
Throughout the project, scheduled meetings as well as informal discussions were conducted
between the OEH and EPA project teams on project progress, barriers and solutions. As
noted earlier, based on the project outputs so far and due to tight timeframe and budget, the
EPA has agreed that the last three tasks of Step 7 are to be put on hold until a further
decision is made on this work.
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3

Data collection and processing

The following subsections describe the type, source and preparation of the input data used
for understanding the PM10/meteorology relationship, developing an incremental dust risk
metric, training and testing statistical forecasting models, and deriving input to the dust risk
forecasting scheme (Table 2). It is worth noting that only a selected subset of variables (or
their derivatives) was chosen to be candidate variables for constructing the dust risk
forecasting models (Section 6.2.3), with a further small subset being used as input to the
proposed dust risk forecasting scheme (Sections 6.1 and 6.3).
Where necessary, references were made to journal publications, conference papers, or
approved OEH and EPA documentation including OEH’s Annual Air Quality Statements
(2013–2015) or UHAQMN annual reports (2010–2014), in the course of this project.
Table 2: Air quality and meteorological variables included in this study
Data type

Variable

Source

Usage

Air quality
(2011–2015)

Hourly and 24-hourly PM10, PM2.5,
NO2, SO2 concentrations from the
UHAQMN

OEH

PM10 data for data
analysis and modelling;
others for data analysis

Meteorology
(2011–2015)

Hourly wind speed and direction,
temperature, relative humidity

OEH

data analysis and
modelling

Daily rainfall at Bulga, Singleton,
Muswellbrook, Scone Airport

BOM

data analysis and
modelling

Mean sea level pressure (MSLP) at
Merriwa

BOM

data analysis and
modelling

10:00 AEST upper air data for
Williamtown

BOM

data analysis

Hourly ACCESS meteorological
forecast

BOM/OEH

operational input to the
incremental dust risk
forecasting scheme

Information/documentation on
bushfires, dust storms, PM10
exceedance days in NSW, and
forecasting methods

OEH, RFS, EPA,
journal/
conference
papers

data preparation and
formulation of the
incremental dust risk
forecasting scheme

Other
(whenever
available)

3.1

Air quality data (source: OEH)

The air quality data were extracted from the OEH Air Quality Database (AQD) for 14 stations
in the UHAQMN (Figure 2 and Table 3). These included hourly and 24-hour (daily) average
concentrations of PM10 (µg/m3) for all sites, PM2.5 (µg/m3) for Singleton, Muswellbrook and
Camberwell, and SO2 (pphm) for Singleton and Muswellbrook.
The identification of dust risk metric(s) was mainly based on analysing the PM10 (and wind
measurements), with the PM2.5 and SO2 data being used for diagnostic purposes. The data
time periods differ across sites, in particular in 2011 (Table 4); hence, except for the
Singleton and Muswellbrook sites, data for 2011 were excluded from the analyses
documented in this report.
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The UHAQMN is based on a design developed by Holmes Air Sciences in 2008 (Holmes
2008). The 14 monitoring stations were established to serve different purposes, as described
below (OEH 2012; Table 3):
•
•
•

•

Larger population centres: the stations near the larger population centres monitor the air
quality in these centres.
Smaller communities: the stations located in smaller communities monitor the air quality
at those locations.
Diagnostic: these sites provide data that can help to diagnose the likely sources and
movement of particles across the region as a whole; they do not provide information
about air quality at population centres.
Background: the stations near Merriwa and Singleton South are at both ends of the
valley and provide background data, measuring the quality of air entering and leaving
the Hunter Valley under predominant winds (south-easterlies and north-westerlies).

Table 3: Station type and purpose. Source: adapted from OEH (2012)
Type

Station

Purpose

Comment

Larger
population
centre

Muswellbrook

Monitoring air quality in the
larger population centres

The intention of the network
design is that data gathered
from the UHAQMN as a whole
can be analysed to provide
insights about Upper Hunter
regional air quality and longterm trends in air quality.

Singleton
Aberdeen

Smaller
population
centre

Maison Dieu
Camberwell

Monitoring air quality in the
smaller communities

Jerrys Plains
Bulga
Wybong
Warkworth
Diagnostic

Singleton NW

Providing diagnostic data

Mount Thorley
Muswellbrook
NW
Background

Singleton
South

Providing background data

Merriwa
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Table 4: Summary of air quality data availability for 14 monitoring stations in the UHAQMN. The
data count (N) is in number of days

3.2

Meteorological data (source: OEH/BOM)

3.2.1

Station meteorological dataset1 (source: OEH)

Meteorological records from the 14 air quality monitoring stations in the UHAQMN form the
primary meteorological dataset for the present study. This dataset included hourly records of
surface (10m) wind speed (m/s) and direction (polar degree), air temperature (ºC) and
relative humidity (%) for 2011–2015. The data availability is essentially the same as that for
the air quality data (Section 3.1).
Wind speed and wind direction data were used to derive the west–east (u) and south–north
(v) wind components. Daily maximum/minimum temperatures (Tmax/Tmin) were derived
from the hourly temperature records for each of the 14 air quality monitoring sites. Derivation
of other additional meteorological variables is described in Section 6.2.3.

3.2.2

Station meteorological dataset2 (source: BOM)

Surface and upper-air data for 2011–2015 were obtained from BOM for a few long-term
meteorological stations. Surface data included daily (24-hour) rainfall totals (mm) for Bulga
(Town Centre), Singleton, Muswellbrook and the Scone Airport, and hourly mean sea level
pressure (MSLP) at Merriwa. The upper-air radiosonde data were from the BOM Williamtown
station, including 10:00AEST horizontal wind speed, air temperature and dew point
temperature for different pressure levels. However, it was decided that these data were not
to be used for model construction due to the relatively high rate (>10%) of missing values.
The MSLP data from the Merriwa site were used to account for the potential synoptic-scale
modulation to local meteorological conditions in the UH valley. Rainfall data were used to
account for the impact of wet deposition processes and to derive proxy variables for soil
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moisture (appropriate observational soil moisture data were not available at the time of this
study). A number of variables were derived from the rainfall data, as described below:
•
•
•

•

daily rainfall for the Singleton area: daily average of 24-hour rainfall recorded at
Singleton and Bulga
daily rainfall for the Muswellbrook area: daily average of 24-hour rainfall recorded at
Muswellbrook and the Scone Airport
number of consecutive dry days: total number of consecutive days with daily rainfall for
the Singleton or Muswellbrook area less than a specified (arbitrarily chosen) threshold
value, i.e. arbitrarily 0mm, 0.5mm, 1mm, or 2mm per day, prior to the forecasted day
past 1-, 2- …, 30-day accumulative rainfall: sum of daily rainfall for the Singleton or
Muswellbrook area for the past 1, 2 …, 29 or 30-day period, prior to the forecasted day.

3.2.3

Gridded meteorological forecast (source: BOM/OEH)

Hourly meteorological forecasts for March 2015 – June 2016 were purchased from BOM for
the purpose of model evaluation and bias adjustment. The forecasts were available at a
spatial resolution of 4km x 4km for up to 36 hours (1.5 days) ahead for the NSW GMR
domain. As redundancy, comparable forecasts may also be obtained from the OEH
meteorological forecasting facility. The forecasts included a wide range of meteorological
variables, with a small subset being needed for driving the statistical forecasting models.
However, it was agreed with EPA that the analysis on this dataset be put on hold for the time
being.

3.2.4

Definition of air quality index categories

In NSW, air quality is reported as air quality index (AQI) in six classes, very good, good, fair,
poor, very poor or hazardous. Here, the PM10 AQIs were calculated as the ratio of the
recorded daily average PM10 concentrations to the relevant national air quality standard (i.e.
50µg/m3 for 24-hour average PM10 concentration; NEPC 2003). Details on derivation of AQIs
are available on the OEH website: www.environment.nsw.gov.au/aqms/dataindex.htm. In the
present study, for statistical validity the six AQI classes for 24-hour PM10 concentrations were
collapsed into the following three AQI categories [following Jiang and Riley (2015)]:
Category 1 (good): very good or good AQI class is referred to as good
Category 2 (fair): fair AQI class is referred to as fair
Category 3 (poor): poor, very poor or hazardous class is referred to as poor.
This definition has led to a new time series of daily PM10 AQI categories for each of the 14
monitoring stations. Hereafter, AQI categories, rather than AQI classes, will be referenced
throughout the text.

3.3

Data quality assurance

The meteorological and air quality data for the 14 monitoring stations were originally quality
assured within the OEH AQD to take into account any impacts from identifiable instrumental
or operational issues within the data collection process. To ensure the robustness of the
analytic results for this project, advanced data checks were conducted on all datasets to
identify and resolve any data abnormalities. Summary statistics, time series plots,
histograms, scatter plots, box plots and inter-site correlations were generated and examined
with statistical software such as R (base) and openair (Carslaw 2015). Examples are given in
Figure 4, showing the data summary plots for PM10 and wind data from the Singleton air
quality monitoring site. Overall, the data are of high quality, with data availability for all
variables (excluding the upper-air variables from BOM) generally greater than 95% for the
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time period after the stations were officially commissioned. Of note are the upper-air data
from the Williamtown weather station, of which the rate of missing values is greater than
10%.
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Figure 4: Data summary plots – hourly PM10 and wind data at the Singleton site. Left: time series; right:
histogram

3.3.1

Exclusion of PM10 data in the analysis for days significantly
affected by bushfires, dust storms or unknown incidents

During 2013–2015, there were 15 days when PM10 levels in the Upper Hunter valley were
significantly affected by the occurrence of bushfires or dust storms. There was one PM10
exceedance day recorded at Singleton (17 September 2015), with the cause for the
exceedance classified as unknown. Data for these 16 days were excluded from the data
analysis or modelling in this project, unless otherwise specified. All the other days, which
were not significantly affected by such events, are referred to as non-event days in this
report.
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4

Exploratory data analysis

4.1

Air quality (PM10) data analysis

This section provides a brief summary of the 2012–2015 PM10 data from the UHAQMN. The
analysis was performed by season, year, day of the week and hour of the day for individual
sites and also for the region as a whole. In particular, the location and timing of high PM10
events (e.g. poor air quality days) are visualised, with two distinct air quality subregions
identified for the Upper Hunter valley.

4.1.1

Overview of data distributions

Box plots are used to summarise the distributions of the daily PM10 concentration data for the
14 monitoring stations (Figure 5). There is considerable variability in data distribution across
individual sites. In general, the Maison Dieu, Mt Thorley (MTTHORLEY), Singleton NW
(SINGLETONNW) and Camberwell stations, which are relatively close to open-cut mine
sites, have the 25th–75th percentile ranges positioned at higher PM10 levels, with more
outlier/extreme values scattered above the high ends of the boxes. In contrast, Merriwa has
the lowest box positions and fewest outlier/extreme values. Wybong and secondarily Jerrys
Plains (JERRYSPLAINS), Bulga and Aberdeen have boxes also positioned at relatively low
PM10 levels; however, these sites have relatively more outliers/extremes. In comparison, the
data distributions for the Singleton and Muswellbrook (MUSWELL) sites tend to sit between
the two extreme cases, with outlier/extremes also observed at considerably high PM10 levels.

4.1.2

Temporal variability

Daily PM10 levels vary considerably across season and year. For example, mean daily PM10
levels tend to be higher in August–November at Singleton but in September–January at
Muswellbrook, with extremely high values occurring mostly in warmer months (Figure 6 and
Figure 7). Inter-annual variability in mean PM10 concentrations is significant across all months
except for winter time. In general, 2012 and 2013 experienced distinguishably higher PM10
pollution compared to other years. Again, of note is the outstandingly high PM10 level in May
of 2015 in Figure 6 due to impact of the dust storm on 6 May 2015.
The average weekday/weekend differences in PM10 concentrations are generally insignificant
at locations near the Muswellbrook/Merriwa area, but appear more distinguishable at
locations near the Singleton area. Similar patterns are identified across different years. For
example, Figure 8 illustrates the mean PM10 concentrations by day of week for Merriwa and
Singleton, with Singleton showing slightly lower PM10 levels over weekends compared to
weekdays.
PM10 concentrations show significant diurnal variability, on average, with a typical two-peak
pattern, one peak from 06:00–10:00 AEST, the other from 17:00–21:00 AEST (Figure 9). The
mean patterns for a specific site are generally similar across season or year, with variations
in the timing and/or magnitude of the peaks; however, the two-peak patterns may differ
significantly across sites. Some sites (e.g. Muswellbrook and Merriwa) show a small peak in
the morning but a large peak in the afternoon, while other sites (e.g. Singleton and Singleton
South) typically have two comparable peaks during the day. Note that as expected, such
two-peak patterns do not necessarily occur the same way each day, primarily due to the
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influence of changing weather conditions from day-to-day and to some degree the possible
variations in the open-cut mining activities in the valley.
There are good correlations between hourly PM10 concentrations for hours near the two
diurnal peaks (e.g. 7:00 or 19:00 AEST) and daily average PM10 concentrations, with the
Spearman correlation coefficients often exceeding 0.5. This is an important finding, as it
implies that meteorological conditions at these hours may have a strong influence on daily
average PM10 concentrations.

Figure 5: Box plots of daily PM 10 data by site
The lower and upper boundaries of the box are respectively the 25th and 75th percentile;
the horizontal line inside the box represents the median; asterisks represent extreme
values, cases with values more than 3 box-lengths from the upper or lower edge of the
box; dots denote outliers, cases with values between 1.5 and 3 box-lengths from the
upper or lower edge of the box; horizontal lines connected to two ends of the box
correspond to the largest or smallest observed values that are not outliers. The
occurrence month is labelled for outlier/extreme values. Data: all days in 2012–2015.
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Figure 6: Box plots of daily PM 10 data by month for the Singleton and Muswellbrook sites
High outlier/extreme values are labelled with their occurrence years. Refer to the caption
of Figure 5 for the description of symbols. Data: all days in 2012–2015.
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Figure 7: Mean daily PM10 concentrations and 95% confidence intervals (CI) by month and year for the
Singleton and Muswellbrook sites. Data: all days in 2012–2015
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Figure 8: Mean daily PM10 concentrations and 95% confidence intervals (CI) by day of the week for the
Singleton and Merriwa sites. Data: all days in 2012–2015

Figure 9: Diurnal variations of hourly PM10 concentrations at the Merriwa and Singleton sites
Data for October/November 2013 were temporally excluded from the calculation so as to
suppress the potential impacts of bushfires. Data: non-event days in 2012–2015.
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4.1.3

Spatial correlations – identification of two air quality subregions

There is significant spatial co-variability of PM10 pollution in the Upper Hunter region. Figure
10 shows the line charts of the Spearman correlation coefficients pairwise between individual
sites for different seasons. The correlation lines tend to cluster into two groups, as indicated
by solid and dashed lines. Of note is that the correlation levels for Bulga and Warkworth tend
to sit between the two clusters. Compared to other seasons, the inter-site correlations in
summer appear stronger valley-wide, with the difference between two clusters becoming
smaller.
To further examine the structure of the inter-site correlations, a Varimax (orthogonal) rotated
principle component analysis (PCA; Jiang 2011) was applied to the correlation matrix of the
14-site daily PM10 concentrations for non-event days in 2012–2015. Two leading principle
components (PCs) were retained for Varimax rotation. The two rotated PCs explain around
88% of the total variance in the dataset (i.e. 46% and 42%, respectively). The loadings of the
rotated PCs are shown in Figure 11, indicating the level of Pearson correlations between the
PC time series and the daily PM10 concentrations at individual sites.
The PC loadings identify two distinct air quality (PM10) clusters/subregions (Figure 12), the
Merriwa cluster (the WNW subregion which have high loadings on PC1, including sites in the
northern and western parts of the valley) and the Singleton cluster (the SE subregion which
have high loadings on PC2, including sites in the south-eastern part of the valley). In other
words, the variability of PM10 pollution in the two subregions can be summarised into two
linearly independent time series, i.e. PC1 and PC2 scores. An obliquely rotated PCA (i.e.
without the orthogonal constraint for PCs; Jiang 2010) was also performed on the PM10 data,
leading to results similar (almost identical) to those from the Varimax rotated PCA, confirming
the existence of two air quality subregions in the valley.
The identification of the two air quality subregions in the valley is another significant finding.
This indicates that it is possible to characterise the air quality variability in the Upper Hunter
airshed with data sampled from a subset of monitoring stations, for example, the Singleton
(large population centre) and Merriwa (background) sites.
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Figure 10: Pairwise Spearman correlation coefficients of daily PM 10 concentrations among the 14
monitoring stations (data: non-event days in 2012–2015)
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Figure 11: Loadings of 24-hour average PM10 concentrations on two Varimax (orthogonally) rotated
principal components from a Varimax rotated PCA on daily PM10 concentration data for non-event days
in 2012–2015

Figure 12: Schematic of two air quality (PM10) subregions in the Upper Hunter valley, as is defined by two
leading principal components from a Varimax rotated PCA on the daily PM10 concentration data for nonevent days in 2012–2015. Red balloons indicate locations of 14 monitoring stations in the UHAQMN

4.1.4

PM10 versus AQI category

In NSW, AQI is used to indicate the public health risk of air pollution
(www.environment.nsw.gov.au/AQMS/aqi.htm). Figure 13 shows the distribution of daily
PM10 data (all days in 2012–2015) by AQI category as defined in Section 3.2.4. In general,
the four source-impacted sites, i.e. Maison Dieu, Mt Thorley, Singleton NW and Camberwell,
have predominantly higher numbers of fair and poor air quality days. Singleton also ranks
ahead of a few other sites including Singleton South (SINGLETONS), Bulga and Warkworth.
Muswellbrook (MUSWELL) tends to rank towards the low end of the spectrum, while Merriwa
and Aberdeen appear to have relatively better air quality (as PM10) than other sites. These
results are consistent with Figure 5 in Section 4.1.1.
Poor air quality (PM10) days mainly occurred in spring and secondarily summer and autumn
(August–January and April–May), with winter and February/March having relatively good air
quality (Figure 14). This distribution is most apparent for the four source-impacted sites.
There are more poor air quality days in 2012–2013, with a significantly reduced number of
events in 2014–2015 (Figure 15). These results are consistent with the inter-annual
variability identified in mean PM10 concentrations described earlier.
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Figure 13: Daily air quality (PM 10) by site and AQI category (data: all days in 2012–2015)

Figure 14: Total number of poor air quality (PM10) days by month (data: all days in 2012–2015)

Figure 15: Total number of poor air quality (PM10) days by year and site (data: all days in 2012–2015)

4.2

Meteorological data analysis

An analysis of the spatial/temporal variability and bivariate correlations was undertaken on
the meteorological data. As expected, significant seasonality was identified in almost all
meteorological variables, with rainfall records also showing significant inter-annual variability
(Appendix 5; Section 4.2.1). There are significant diurnal variations in wind, temperature and
relative humidity data. At both the seasonal and diurnal scales, temperature and relative
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humidity show generally opposite variation patterns. These are in good agreement with
general meteorological principles documented in Sturman and Tapper (2008) or other texts.
This section provides a brief overview of the variability in temperature, rainfall and wind
patterns in the Upper Hunter valley.

4.2.1

Temperature and precipitation

Air temperature is an important factor for determining the level of PM10 pollution, due to its
effect on the generation of dust emissions, the level of plume buoyancy, and the
development of the mixing and inversion layers. The Hunter Valley is characterised by a wide
temperate range throughout the year. Figure 16 shows the monthly variation in long-term
mean, minimum and maximum temperatures derived from the daily minimum and maximum
temperatures recorded at the OEH Singleton station in 2012–2015. Monthly mean minimum
temperatures are in the range of ~6–18oC, while monthly mean maximum temperatures are
in the range of ~17–30oC. The lowest temperatures are experienced in June–August. Higher
temperatures occur during summer months, with peaks typically recorded in November–
February.
Precipitation (rainfall) impacts dust generation potentials and it also represents a removal
mechanism of air pollutants (Oke 2002). The variability in rainfall is appreciable both across
year and season. In 2012–2015, the annual total rainfall varies from 551mm to 853mm in the
Singleton area and from 549mm to 742mm in the Muswellbrook area. Figure 17 presents
mean monthly rainfall by year for the Singleton and Muswellbrook areas. Despite significant
inter-annual variations, higher rainfall amounts tend to occur in summer and early autumn
(November–April). In contrast, there is generally low rainfall in winter and early spring, with
the lowest rainfall recorded in September and October (when PM10 pollution was relatively
high it the Upper Hunter valley).

Figure 16: Minimum and maximum temperatures at Singleton by month (data: all days in 2012–2015)
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Figure 17: Mean monthly rainfall at the Singleton and Muswellbrook areas during 2012–2015

4.2.2

Dominant regional NW/SE wind patterns

Wind conditions play a significant role in determining both local- and regional-scale PM10
pollution levels through processes such as soil erosion and the transport and dispersion of
particles. This section provides an overview of the prevailing wind patterns in the Upper
Hunter valley.
Figure 18 shows the wind rose for the combined wind data from all 14 sites in the UHAQMN,
highlighting the prevailing north-westerly (NW) and south-easterly (SE) wind patterns in the
region. The same pooled data are further visualised in Figure 19 by season and year (note
that wind data for 2011 are only available for the Singleton and Muswellbrook sites). In
general, the wind roses have similar patterns across years, reflecting the consistent
dominance of the NW/SE wind patterns in the valley. There are significant seasonal changes
in prevailing winds. Typically, NW winds prevail in winter and SE winds dominate in summer.
In contrast, both NW and SE winds are frequent in spring and autumn, with the wind roses
similar to that for the combined data.
Figure 20 further illustrates the wind conditions at individual sites. Overall, as expected, the
NW/SE winds dominate at almost all stations. Some spatial variations are noted below:
•
•
•
•

Aberdeen and Wybong are typical of prevailing northerly or southerly (N/S) winds, in
contrast to the typical NW/SE patterns.
North-easterly (NE) winds are also frequent at the Muswellbrook NW (muswellnw) site
and to a lesser degree at the Maison Dieu site.
Southerly winds are frequently experienced at the Warkworth and Mt Thorley sites.
SE winds tend to prevail more than NW winds at the Muswellbrook site.
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Figure 18: Pooled regional wind conditions. Data: hourly wind records for 2011–2015 from 14 monitoring
sites. Hours with zero wind speed are defined as calm conditions
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All-site data windrose: year vs season
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Figure 19: Pooled regional wind conditions by season and year. Data: hourly wind records for 2011–2015
from 14 monitoring sties. Note that wind data for 2011 are only available from the Singleton and
Muswellbrook sites. Hours with zero wind speed are defined as calm conditions
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Figure 20: Wind roses for individual sites. Data: hourly wind records for 2011–2015 at the Singleton and
Muswellbrook sites and for 2012–2015 at other sites. Hours with zero wind speed are defined as calm
conditions

Diurnal variability in wind conditions is significant in the valley, as is illustrated for each
season in Figure 21 for the Singleton site (and Figure 45 for the Muswellbrook site in
Appendix 6). Overall, the prevailing winds blow along the NW–SE directions in the valley at
the diurnal level. At the Singleton site, for example, lighter winds are frequently experienced
during early morning hours and secondarily late night hours, except for winter when strong
NW winds appear to prevail throughout all hours. In contrast, stronger winds are often
observed during late morning to early evening hours. Of note is the occurrence of northerly
drainage flows at night-time. The drainage flows are more frequent in early morning hours
and in autumn and spring. It is expected that both the prevailing daytime NW flows and the
night-time northerly drainage flows potentially favour the transport of PM10 emissions from
the upper part of the valley towards the Singleton area (lower part of the valley). In addition, it
is possible that the night-time drainage flows coupled with daytime SE flows may also favour
the recirculation of pollutants in the valley.
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Singleton: wind rose by hour (summer 2011-2015)
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Singleton: wind rose by hour (autumn 2011-2015)
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Singleton: wind rose by hour (winter 2011-2015)
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Singleton: wind rose by hour (spring 2011-2015)
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Figure 21: Wind rose by hour (1 to 24) of the day for each season. Data: hourly wind records for 2011–
2015 at the Singleton site. Hours with zero wind speed are defined as calm conditions
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4.3

PM10 concentrations as a function of wind speed
and direction

Correlations between daily PM10 concentrations and meteorological variables have been
examined in some detail. As expected, elevated PM10 pollution often occurred under
relatively high temperature, low relative humidity and low rainfall conditions. However, the
effect of winds on PM10 levels at individual sites can be in opposite directions, primarily
depending on wind direction. In this section, drawing upon the dominance of the NW/SE wind
patterns in the Upper Hunter valley, we focus on examining the relationship between hourly
PM10 concentrations and the prevailing wind conditions using pollutant polar plots (Carslaw
2015).
To illustrate, Figure 22 shows hourly PM10 polar plots for individual sites at the annual level
as a function of wind speed and direction. The PM10/wind relationship is strongly influenced
by the relative positioning of the monitoring stations (receptors) to the open-cut mining sites
(sources). Relatively high PM10 concentrations mostly occur under relatively strong NW or SE
winds. For example, monitoring sites in the SE subregion (the Singleton cluster) tend to
experience higher PM10 pollution under (relatively strong) NW winds, while monitoring sites in
the WNW subregion (i.e. the Merriwa cluster) of the valley appear to experience higher PM10
levels under SE winds. However, of note is that relatively high PM10 concentrations at
Singleton are also observed under SE winds, suggesting the possible transport of PM10
pollution from areas to the south or south-east of Singleton. This aspect is not well
understood and deserves further attention in future research.
The PM10/wind relationships manifest even more clearly at the diurnal level, highlighting the
potential for significant impacts of the diurnal variability in wind conditions on PM10 pollution
in the valley (e.g. Figure 23). As an example, Figure 24 further shows the wind roses by AQI
category for the Singleton site. It is clear that poorer air quality days at Singleton correspond
to the occurrence of strong and frequent north-westerly winds, with the chance for poor air
quality days occurring under south-easterly winds being relatively small.
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Figure 22: PM10 polar plot by site: mean hourly PM 10 concentrations as a function of wind speed and
direction

Figure 23: Diurnal PM10 polar plots for Singleton: mean hourly PM 10 concentrations as a function of wind
speed and direction
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Figure 24: Wind rose under each AQI category for the Singleton site

4.4

Incremental PM10 pollution load under NW or SE
wind conditions

Based on the analyses in the previous sections, we now examine the across-site differences
in incremental PM10 concentrations under the influence of NW or SE winds. In particular, if
compared to the background PM10 levels, how much extra PM10 pollution could be
experienced at the major population centres, i.e. Aberdeen, Muswellbrook and Singleton,
due to dust emissions from within the Upper Hunter valley?
Figure 25 illustrates the long-term mean diurnal profile of hourly PM10 concentrations under
NW or SE winds for the 14 sites in the UHAQMN. Under NW winds, Merriwa (background
site) together with Wybong has the lowest mean PM10 profile (levels) among all sites. In
contrast, Singleton has the highest mean PM10 concentrations among the three sites near
major population centres. Of note are the four source-impacted sites in the SE subregion,
with only these four sites having mean PM10 levels higher than the Singleton site. On
average, the mean increments in hourly PM10 concentrations between the two sites range
from 11–20µg/m3.
Under SE winds, Singleton South (background site) tends to have the lowest mean PM10
profile among all sites, while Muswellbrook has the highest PM10 profile among the three
population centre sites. The average hourly increments between these two sites range from
3–10µg/m3. Of note are the relatively low PM10 levels at the Merriwa site under both SE and
NW wind conditions, indicating that dust emissions from the Upper Hunter valley have a
generally low impact on this site.
Mean PM10 concentrations under NW and SE winds are also shown in Figure 26 by hour of
the day, day of the week and month of the year for the two background sites (Merriwa and
Singleton South) and three large population centre sites (Aberdeen, Muswellbrook and
Singleton). These results further illustrate that in the valley the incremental PM10 pollution
may be indicated by the difference in PM10 concentrations between representative sites in
the two subregions (e.g. major population centres) and background sites, e.g. by the
difference between the Merriwa and Singleton sites under north-westerly winds, or the
difference between the Muswellbrook and Singleton South sites under south-easterly winds.
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Figure 25: Diurnal variations of PM 10 concentrations by site under NW and SE wind conditions. The
curves for Singleton, Singleton South (singletons), Muswellbrook (muswell) and Merriwa are highlighted
with thicker lines

Figure 26: Mean PM10 concentrations are shown by hour of day, day of week and month of year for two
background sites (Merriwa and Singleton South) and three large population centres (Aberdeen,
Muswellbrook and Singleton)
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5

Incremental dust risk metric

Drawing upon the findings from previous sections, we now establish the notion of regional
‘incremental dust risk’. This section describes the rationale for the dust risk metric
development, the definition and variability of the metric, the relationship between the metric
and AQI category, and the identification of the metric threshold levels.

5.1

Rationale

Air movements play an important role in determining the level of PM10 pollution in the Upper
Hunter valley. For example, wind (speed and direction) conditions, coupled with other factors
such as dust emission rate, soil moisture, air temperature, humidity (air moisture) and
rainfall, can impact not only the type and amount of dust generated, but also how the dust
will be accumulated, transported or dispersed in the valley (Ginoux et al. 2001; Lu & Shao
2001).
The NW–SE topographic orientation of the Upper Hunter valley plays an important role in
steering winds, generating local turbulence and large-scale eddies, and in generating
drainage flows at night-time and upslope flows during the daytime (Holmes 2008; Sturman &
Tapper 2008). While wind conditions can vary to some degree from site to site due to local
topographic effects, the most common winds flow along the axis of the valley, typically northwesterly winds in winter but south-easterly winds in summer (Section 4.2.2).
Air movements vary with height in the valley and this can potentially affect how emissions
from elevated sources such as power station plumes, or plumes from open-cut mine blasting,
will be transported or dispersed. Meteorological modelling using TAPM indicates that the
influence of the valley topography disappears completely at approximately 500m above
ground level (Holmes 2008).
The Merriwa and Singleton South monitoring stations are located respectively at the top and
bottom ends of the valley. Under north-westerlies or south-easterlies, these sites measure
the quality of air entering or leaving the valley (note: due to its proximity to the Mt Thorley
mine site, Singleton South may be impacted by dust emissions from mining activities under
southerly to south-westerly winds). The terrain elevations from Singleton South to Merriwa
are estimated to be in the range of 300–380m (based on Google Earth as of 26 April 2016).
Hence, it is expected that the valley terrains have less influence on meteorological conditions
at Merriwa (compared to other sites), and dust emissions from the valley should have less or
no impact on PM10 levels recorded at this site, in particular under NW flow conditions, as
illustrated in Section 4.4. In contrast, meteorological conditions at the Singleton South site
are significantly influenced by the valley terrains, with elevated PM10 levels observed under
NW winds, as well as under southerly to south-westerly winds due to its proximity to the Mt
Thorley mine site.
The Singleton, Muswellbrook and Aberdeen sites monitor the air pollution exposure of the
three major population centres. Section 4.1.3 shows that PM10 pollution in the valley can be
classified into two distinct subregions, with Singleton in the SE subregion and Muswellbrook
and Aberdeen in the WNW subregion.
Therefore, the increment in dust risk due to local PM10 emissions, primarily associated with
the open-cut mining activities in the valley, can be approximated by taking the difference in
PM10 concentrations between major population centres and the background sites, e.g.
between Merriwa and Singleton under north-westerly winds and between Muswellbrook and
Singleton South under south-easterly winds.
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5.2

Definition of incremental dust risk metric

Drawing upon the analysis results from previous sections, 10 incremental dust risk indicators
can be defined, as described in Table 5. M1 to M3, M7 and M8, together with their absolute
counterparts (absM1–absM3, absM7 and absM8), are expected to approximate the regionalor subregional-scale dust risk increments due to the impacts of aggregated PM10 emissions
from the valley under favourable air flow conditions. M4 to M6 and their absolute
counterparts are used to indicate dust risk increments due to more localised PM10 emissions.
Table 5: Description of multiple incremental dust risk indicators

Given multiple options for a regional or subregional dust risk metric, the correlations between
dust risk indicators were examined, as shown in Table 6. Since some indicators have
significantly skewed data distributions, Spearman correlation coefficients were calculated
pairwise among the indicators for non-event days in 2012–2015.
Overall, there is good correlation among the regional/subregional indicators. Of note are the
very high correlation coefficients between M1, M2, M7 and M8, indicating that these metrics
capture essentially similar information on incremental dust risk in the region. Accordingly,
absM1, absM2, absM7 and absM8 are also highly correlated with each other. In contrast,
absM3 has relatively weak or no correlation with other indicators, implying significant impacts
of more localised effects on this indicator.
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The correlation between the potential metrics and local indicators is also significant, with
exceptions for M3 and absM3. M3 and absM3 have relatively weak correlations with M4, M5,
absM4 and absM5, indicating that these two indicators somehow under-represent the dust
risk increment for the subregions. Overall, compared to other regional/subregional indicators,
M2 and M7 tend to have relatively better correlations with the local indicators, suggesting
they better represent the dust risks at the local level.
Table 6: Spearman correlation coefficients between potential metrics (column) and all dust risk
indicators (rows). All values except those in italics are significant at the 0.05 level for a twotailed t-test. Data: derived indicator values for non-event days in 2012–2015. Colour scale is
used to highlight large positive (red) and large negative (green) correlations

Further, M2 and M7 have generally better correlations with site-specific PM10 data. Figure 27
illustrates the Spearman correlation coefficients between daily M2 or M7 values and daily
PM10 concentrations at individual sites. The correlations are generally similar for M2 and M7.
Except for summer, M2 and M7 have significantly stronger correlations with PM10 levels for
sites in the SE subregion, in particular Camberwell, Maison Dieu, Mt Thorley and Singleton
NW, indicating that these dust risk indicators have captured well the impact of PM10
emissions associated with mining activities in the SE subregion. In contrast, these two
indicators have generally low (negative if any) correlations with PM10 levels at monitoring
sites within the WNW subregion. The correlation patterns are considerably different for
summer, with M2 and M7 having decreased correlations with sites in the SE subregion but
increased correlations with sites in the WNW subregion, reflecting that the processes
impacting the dust risk in summer may be significantly different compared to other seasons.
The data distribution of different dust risk indicators was examined, with selected summary
statistics shown in Table 7. Overall, M2, M3, M7 and M8 have approximately normal data
distributions, with their absolute counterparts showing right-skewed distributions. The dust
risk upper bounds are generally higher in M2 and M7 (same for absM2 and absM7) if
compared to other indicators, as indicated by their maximum values and the 90th, 95th and
97.5th percentiles.
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Figure 27: Spearman correlation coefficients between potential metrics (M2 and M7) and 24-hour PM10
concentrations at individual sites for non-event days in 2012–2015
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Table 7: Summary statistics of selected regional/subregional dust risk indicators (data: nonevent days in 2012–2015)

In summary, taking into account inter-indicator correlations, indicator correlations with daily
PM10 concentrations at individual sites and the extent (upper bound) of dust risk increments,
we select M2 to be the dust risk metric indicating the upper bound of incremental dust risks
due to PM10 emissions from the Upper Hunter valley.
It is at the sites in the SE subregion of the valley that most poor air quality days were
recorded in 2012–2015, with the Singleton site recording the highest number of poor air
quality days among the three major population centres in the region. Essentially, as is further
discussed in this report, the metric (M2) measures the extent of dust risks imposed from
particle emissions primarily due to mining activities in the valley, in particular under northwesterly wind conditions.
Hence, to avoid the complexity associated with managing air quality in the Upper Hunter
valley, it is recommended that we only apply M2 to measure the incremental dust risks
imposed on the SE subregion under NW wind conditions. This decision will dictate the
forecasting scheme development described in Section 6.

5.3

Dust risk metric versus AQI category at Singleton
and Merriwa

The data distribution of M2 was further examined in relation to daily PM10 AQI category, as
shown in Figure 28 for the Singleton and Merriwa sites, respectively. In general, higher
metric values tend to be associated with poorer air quality at Singleton, while to a lesser
degree, lower metric values appear to coincide with degraded air quality at the Merriwa site.
Hence, M2 is consistent with the health effect based AQI definition, with higher M2 (absolute)
values indicating elevated public health risk.
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Figure 28: Histograms of the dust risk metric (M2) by daily PM10 AQI category recorded at the Singleton
and Merriwa sites (only for non-event days in 2012–2015)

5.4

Metric threshold level and rare dust risk events

The level of dust risk increment fluctuates from day-to-day. The identification of a threshold
level for the proposed dust risk metric is for the purpose of determining whether the observed
increments are beyond a normally expected metric range (or value) and therefore, certain
emission control measures are necessary to protect the community and environmental health
in the valley.
Here we determine the threshold level from the metric data distribution, where a normal
metric range is defined and values falling outside this range are taken to be rare dust risk
events, i.e. adverse conditions. In this study, the threshold level chosen is the 95th percentile
in the spectrum of daily M2 values for non-event days in 2012–2015. By this definition, if a
metric value falls above the threshold level, it is said that the incremental dust risk for the day
is ranked as a rare dust risk event, i.e. in the top 5% of the historical M2 data spectrum.
The majority of top 5% values (for non-event days) in 2012–2015 occurred in spring and
secondarily in winter and autumn, mostly corresponding to fair or poor air quality days at
Singleton. Of the total 16 poor air quality days at Singleton, 13 days (i.e. >81% of the total)
fall into the top 5% of M2 (Table 8).
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Table 8: Contingency table of M2 categories versus Singleton AQI categories based on data for
non-event days in 2012–2015

5.5

Inter-annual, seasonal and weekday/weekend
variations

An analysis was undertaken of the daily M2 values for non-event days in 2012–2015 to
examine whether significant inter-annual, seasonal, or weekday/weekend variations in
incremental dust risk exist.
On average, 2012 and 2013 have higher M2 values than 2014 and 2015 (Figure 29). Clear
seasonality also exists in M2, with higher mean values in cooler months (May–October) than
warmer months (November–April).
Across days of the week, considerable variations exist in the mean metric values; however,
the differences are not statistically significant.
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Figure 29: Mean metric (M2) values and 95% confidence intervals (CI) by year, month and day of week
for non-event days in 2012–2015
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6

Dust risk forecasting scheme

6.1

Forecasting scheme design

Good reviews of the air quality forecasting (AQF) systems and tools used in different
countries/regions can be found in Zhang et al. (2012a, 2012b), and to a lesser extent in
Honore et al. (2008), White (2011) and USEPA (2003). In summary, the existing AQF
methods typically fall into four categories: empirical approach, statistical modelling approach,
deterministic 3D numerical modelling approach and hybrid approach, which feature various
levels of sophistication, forecasting skills and resource needs (Jiang et al. 2015). For
example, compared to more sophisticated numerical modelling, statistical models are
computationally fast and suitable for describing the complex site-specific relations between
concentrations of air pollutants and potential predictors (Jiang & Riley 2015). The commonly
used statistical techniques addressing non-linearities and interactive relationships include the
decision tree method (e.g. CART), artificial neural networks (ANNs), non-linear regression
(NLR), fuzzy logic, or their variants (Zhang et al. 2012a).
A hybrid approach can be adopted for the purpose of forecasting incremental dust risk in the
Upper Hunter valley, given the complexity in factors influencing the PM10 levels in this region.
Figure 30 presents the schematic of a proposed dust risk forecasting scheme, consisting of
four system layers and five major components. The system layers reflect the steps for
undertaking a forecasting task in an operational context. The five components are: 1) risk
assessment based on statistical forecasting model(s) driven by the BOM or OEH
meteorological forecast data; 2) risk assessment based on forecaster’s domain knowledge;
3) risk assessment based on information on bushfires, dust storms or other unusual emission
events; 4) post-processing (integrating) the outputs from 1) to 3); and 5) issuing a final dust
risk forecast and undertaking risk control measures if needed. The scheme can be
implemented simply within Microsoft Excel, or on other platforms such as R or SAS
Enterprise for automation.

Figure 30: Schematic of the proposed hybrid scheme for incremental dust risk forecasting
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6.2

Building dust risk forecasting models

6.2.1

Statistical model building process

How well can meteorological variables predict dust risks in the study region? The artificial
neural network (ANN) method was used to test the predictability of M2 by meteorological
variables. An ANN is a simplified model of the way the human brain processes information
(Han & Kamber 2006; SPSS 2007). It uses a complex combination of weights and functions
to convert input variables (e.g. all meteorological variables in Table 9) to an output prediction
(e.g. M2 value). In this analysis, the ANN was configured with three layers: an input layer
(with units representing input fields), a hidden layer (with units representing non-linear
transformations of input fields) and an output layer (with units representing the output fields).
A backpropagation algorithm was applied to adjust the weights backward to minimise the
prediction errors (SPSS 2007). The backpropagation ANN was implemented within SPSS
Clementine on data for non-event days, at both annual and seasonal levels (details in
Section 6.2.3).
It is desirable that the forecasting models are able to identify which variables are causing the
adverse PM10 pollution in the valley. In this regard, the project Terms of Reference (EPA
2015) require that the project involve:
Identification of a minimal set of weather and air quality parameters identifying adverse
conditions to use as predictive variables for a forecast system.
Preference should be given to parameters included in current standard weather observations
and forecasts and avoiding air quality parameters where possible.
The EPA expects this to involve statistical approaches such as classification and regression
trees (CART)….

To meet such requirements, a customised statistical model building process was designed in
this study, with the schematic given in Figure 31. The input data for model building were
prepared from the observational data for non-event days in 2012–2015 (Section 3), including
both standard and derived variables (Section 6.2.3). The dataset included only days when
NW winds prevailed in the valley and the daily rainfall for the Singleton area was less than
16mm for the forecast day (details in Section 6.2.4). The input dataset was then randomly
split into two subsets, i.e. the training and testing sets. The training set was used for model
construction, and the testing set was used for assessing the skills of the models.
The forecasting models were constructed by applying two decision tree (non-parametric)
algorithms (i.e. CART and C5.0) and one parametric method, binary logistic regression (Han
& Kamber 2006; Dobson & Barnett 2008). Logistic regression, a member the generalised
linear model (GLM) family, models the probability of binary outcomes through classic
parametric regression, with the variable selection performed through a ‘forward stepwise’
procedure. A decision tree is a flowchart-like tree structure that can be used to divide up
(split) a large collection of records into successively smaller sets of records by applying a
sequence of decision rules. The selected predictor variable and the threshold cut-off value
are determined by the tree algorithm (here CART or C5.0). The algorithm identifies the
variables or the cut-off values with the highest correlation with the response variable and
seeks to split the dataset into the most dissimilar groups with the identified variables. The
splitting of the dataset and tree development continues until the data in each group are
sufficiently uniform. The variables determining the splits are readily identifiable, thus with the
important variable-outcome relationships intuitively interpretable.
The CART and C5.0 modelling were implemented in R through two statistical packages, rpart
Version 4.1-10 and C50 Version 0.1.0-24 (Therneau et al. 2014; Kuhn et al. 2015). Different
splitting criterion functions were used when applying the two algorithms, with gini index being
used in rpart and information gain ratio in C50. A 15-fold cross-validation (CV) was
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implemented in the model training in order to estimate prediction errors and undertake
decision tree pruning. The forward-stepwise logistic regression was performed within SPSS
Clementine, with parameters estimated using the maximum likelihood (ML) method (SPSS
2007).
It is worth noting that significant multicollinearity exists among some meteorological variables
(e.g. between u and v components of wind; Appendix 4). This is not an issue for the decision
tree method (CART or C5.0), but may be a problem for logistic regression. However, due to
time constrains, the impact of the multicollinearity on the performance of logistic regression
models was not assessed in the present project, yet if deemed necessary, may be
considered in the future iterations of the analysis.
The performance of the forecasting models was compared for each training and testing
dataset in reference to the random forecast (i.e. no-model forecast). Six performance
statistics were computed on both the training and testing datasets, i.e. probability of detection
(POD), false alarm rate (FAR), critical success index (CSI), accuracy (A), bias (B) and model
skill (details in Section 6.2.5). Based on the performance of different models, the final model
was determined.

Figure 31: Schematic of the model building process

6.2.2

Response variable

As described in Section 5.4, the 95th percentile (Table 7) was used as the cut-off value for
high dust risk (adverse condition) identification. The M2 values for 2012–2015 (non-event
days) were split into two groups, within top 5% and under top 5%, also referred to as highrisk category (=2, i.e. top 5%) and low-risk category (=1, i.e. under), respectively. This
dichotomous variable forms the response variable for all forecasting models.
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6.2.3

Predictive variables

A domain knowledge based approach (USEPA 2003) was adopted to undertake the initial
selection of (potential) predictive variables relevant to high M2 values (i.e. elevated dust
risks). It is known that wind, temperature, humidity and soil moisture are important factors
determining the generation (e.g. soil erosion), transport, dispersion and deposition of PM10
pollution (Lee et al. 2003; Shao 2002; Demuzere et al. 2009; Sections 4.2.1 and 4.2.2). The
relationships between M2 categories and meteorological variables were examined using box
plots, scatter plots and correlation analysis where appropriate, with some examples given in
Figure 32 to Figure 34 and Appendices 1–4. For example, based on meteorological variables
for the Singleton and Merriwa sites, the top 5% of historical M2 values for non-event days
appear to be more likely associated with the following meteorological conditions:
1)
2)
3)
4)
5)
6)
7)

calm or light wind conditions in early morning (with exceptions in summer)
air moisture content: lower than normal humidity during daytime and evening hours at
Singleton but throughout the days at Merriwa
ventilation: higher than normal wind speed at Singleton but near normal (moderate) wind
speed at Merriwa
wind direction: NW winds prevail at both sites, in particular during the afternoon hours
temperature anomaly: higher than normal daily maximum temperature observed at
Singleton
soil moisture proxies: high number of dry (no rain) days prior to the current day, low or
zero rainfall on current day, low accumulative rainfall over the past days
two top 5% days in summer were associated with hot, dry and strong NW winds at
Merriwa and Singleton.

The M2/meteorology relationships tend to be non-linear and vary across location, time and
variable (e.g. Figure 32 to Figure 34 and those in Appendix 1). Due to the tight project
timeframe, we chose to select meteorological parameters for the Singleton and Merriwa
sites, with only a small set of variables for other locations. This decision resulted in a total of
65 candidate meteorological variables that fed the model building process, as listed in Table
9. A few considerations are worth noting:
•
•

•
•

•

•

•

Meteorological data for three time points of the day, i.e. 7:00, 13:00 and 19:00 AEST,
were included in order to account for the effect of diurnal variability in meteorology.
Meteorological variables are included only if they demonstrate appreciable association
patterns on scatter plots, or have significant Spearman correlations (at the 0.05
significance level for a tailed t-test) with M2.
The difference in temperature or humidity between different time points of the day was
included to indicate the persistence/variability of humidity or temperature during the day.
Daily 13:00 AEST MSLP recorded at Merriwa was included to account for the potential
effect of changing synoptic circulations on local meteorology and subsequently PM10
pollution.
The smoothed multi-year mean daily maximum temperature curve for the Singleton site
was used as a proxy for the solar cycle, and daily deviations from this curve indicate
daily anomalies in maximum temperatures.
Between-site variables were derived for wind, temperature and relative humidity to take
into account the possible geographical difference in thermal-dynamic conditions between
the bottom and top the valley.
Rainfall and its derived variables were included as a proxy for soil moisture conditions,
since soil moisture and evaporation data were not readily available at the time of this
study (Section 3.2.2).
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•

•

•
•
•

Only for logistic regression: the 7:00 and 19:00 AEST humidity as well as the Singleton
and Muswellbrook area rainfall were converted into categorical variables; square root
transformation was applied to wind speed variables to obtain relatively symmetric data
distributions.
Previous day hourly PM10 concentrations for 7:00 or 13:00 AEST from the Singleton,
Merriwa or Wybong sites were included in the model building process to (at least
partially) account for the potential for pollution accumulation from the previous day
(Appendix 3).
The index for season was included to (at least partially) take into account the seasonality
in M2 variations.
The index for weekday/weekend was included to take into account the potential weekly
cycle in pollutant emissions.
The upper-air data from Williamtown were not used for model building due to high rates
(>10%) of missing records. There were no other upper-air observations available at the
time of the study.

Table 9: Predictive variables for building the M2 category forecasting models
Variable ID

Site

Description

Rationale (effects considered)

seasonid

Index for season of
the year

weekday1_weekend2

Index for weekday
(=1) and weekend (=2)

Take into account the seasonality in
M2 (dust risk metric) (Sections 4
and 5.5)
Take into account the effect of
potential weekday/weekend
differences in emissions (Sections 4
and 5.5)
Take into account the potential effect
of synoptic circulations on daily PM10
pollution; MSLP records are highly
correlated across time (e.g. 7:00,
13:00 and 19:00 AEST) and location;
hourly MSLP data are available for
Merriwa
Local wind, temperature and
humidity conditions have significant
influence on PM10 pollution; such
influences vary with time and
location (e.g. Section 4); diurnal
variability is considered by including
variables for three time points, i.e.
7:00, 13:00 and 19:00 AEST

mslp13

Merriwa

13:00 mean sea level
pressure (MSLP)

humid_singleton7
temp_singleton7
wsp_singleton7
u_singleton7

Singleton
Singleton
Singleton
Singleton

v_singleton7

Singleton

humid_singleton13
temp_singleton13
wsp_singleton13
u_singleton13

Singleton
Singleton
Singleton
Singleton

v_singleton13

Singleton

humid_singleton19
temp_singleton19
wsp_singleton19
u_singleton19

Singleton
Singleton
Singleton
Singleton

v_singleton19

Singleton

humid_merriwa7
temp_merriwa7
wsp_merriwa7

Merriwa
Merriwa
Merriwa

7:00 relative humidity
7:00 air temperature
7:00 wind speed
7:00 u (east–west)
component of wind
7:00 v (north–south)
component of wind
13:00 relative humidity
13:00 air temperature
13:00 wind speed
13:00 u component of
wind
13:00 v component of
wind
19:00 relative humidity
19:00 air temperature
19:00 wind speed
19:00 u component of
wind
19:00 v component of
wind
7:00 relative humidity
7:00 air temperature
7:00 wind speed
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Variable ID

Site

Description

u_merriwa7

Merriwa

v_merriwa7

Merriwa

humid_merriwa13
temp_merriwa13
wsp_merriwa13
u_merriwa13

Merriwa
Merriwa
Merriwa
Merriwa

v_merriwa13

Merriwa

humid_merriwa19
temp_merriwa19
wsp_merriwa19
u_merriwa19

Merriwa
Merriwa
Merriwa
Merriwa

v_merriwa19

Merriwa

temp_singleton13m7

Singleton

temp_singleton19m7

Singleton

temp_wybong13m7

Wybong

temp_wybong19m13

Wybong

temp_wybong19m7

Wybong

rain_singleton

Singleton area

7:00 u component of
wind
7:00 v component of
wind
13:00 relative humidity
13:00 air temperature
13:00 wind speed
13:00 u component of
wind
13:00 v component of
wind
19:00 relative humidity
19:00 air temperature
19:00 wind speed
19:00 u component of
wind
19:00 v component of
wind
Difference in
temperature between
13:00 and 7:00
Difference in
temperature between
19:00 and 7:00
Difference in
temperature between
13:00 and 7:00
Difference in
temperature between
19:00 and 13:00
Difference in
temperature between
19:00 and 7:00
Average rainfall for the
Muswellbrook area

rain_muswell

Muswellbrook
area

Average rainfall for the
Singleton area

rain0p5_singleton

Singleton area

rain0p5_muswell

Muswellbrook
area

rainpast1_singleton

Singleton area

rainpast2_singleton

Singleton area

rainpast3_singleton

Singleton area

rainpast4_singleton

Singleton area

rainpast15_singleton

Singleton area

drydayall_singleton

Singleton area

Index variable: daily
rainfall <0.5mm (yes,
no)
Index variable: daily
rainfall <0.5mm (yes,
no)
Past 1-day
accumulative rainfall
Past 2-day
accumulative rainfall
Past 3-day
accumulative rainfall
Past 4-day
accumulative rainfall
Past 15-day
accumulative rainfall
Number consecutive
dry (with no rain) days
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Rationale (effects considered)

Indicate the extent of diurnal
temperature changes at the bottom
(Singleton) and top (Wybong) of the
valley; to some degree reflect the
strength of early morning inversions
and the persistence of high or low
temperatures during the day

Rainfall may contribute to dust wet
deposition and decrease in dust
generation in the Singleton
subregion
Rainfall may contribute to dust wet
deposition and decrease in dust
generation in the Muswellbrook
subregion
For simplicity, these categorical
variables are used to compete with
the above variables

Soil moisture and evaporation data
were not available at the time of this
study; historical rainfall totals,
together with the number of
consecutive dry days, are used to
indicate the soil moisture conditions
and thus the potential for dust
erosion; these variables have
relatively high correlation with M2
(Appendix 2)
Soil moisture and evaporation data
were not available at the time of this
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Variable ID

Site

dryday2p_singleton

Singleton area

tmax_singleton_seasonal2

Singleton

tmax_singleton_anomaly2

Singleton

Table continues overleaf…
humid_singleton_merriwa7

Between-site

temp_singleton_merriwa7

Between-site

temp_singleton_merriwa13

Between-site

humid_singleton_wybong19

Between-site

temp_singleton_wybong19

Between-site

u_singleton_merriwa7

Between-site

u_singleton_wybong13

Between-site

u_singleton_merriwa19

Between-site

v_singleton_merriwa7

Between-site

wsp_singleton_wybong13

Between-site

pm10_singleton7b1

Singleton

pm10_singleton13b1

Singleton

pm10_wybong13b1

Wybong

pm10_merriwa13b1

Merriwa

Description

Rationale (effects considered)

prior to the forecast
day

study; extended dry period is
related to decreased soil moisture
and thus increased potential for
dust generation
This variable, based on slightly
higher cut-off value for dry day, is
included to compete with the above
variable

Number of
consecutive dry (with
daily rainfall < 2mm)
days prior to the
forecast day
4-year mean
smoothed daily
maximum T (Tmax)
Deviation of daily
Tmax from the 4-year
mean smoothed daily
Tmax
Difference in 7:00
relative humidity
between Singleton
and Merriwa
Difference in 7:00
temperature between
Singleton and Merriwa
Difference in 13:00
temperature between
Singleton and Merriwa
Difference in 19:00
relative humidity
between Singleton
and Wybong
Difference in 19:00
temperature between
Singleton and Wybong
Difference in 7:00 u
component of wind
between Singleton
and Merriwa
Difference in 13:00 u
component of wind
between Singleton
and Wybong
Difference in 19:00 u
component of wind
between Singleton
and Merriwa
Difference in 7:00 v
component of wind
between Singleton
and Merriwa
Difference in 13:00
wind speed between
Singleton and Wybong
Previous day 7:00
PM10 concentration
Previous day 13:00
PM10 concentration
Previous day 13:00
PM10 concentration
Previous day 13:00
PM10 concentration
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Indicate the expected daily Tmax
(proxy for solar cycle)
Indicate the deviation of heat
conditions for the forecast day from
the mean solar cycle

These variables indicate the
possible spatial difference in
thermal-dynamic conditions
between the bottom and top of the
valley; they have relatively high
correlations with M2

Potential pollution accumulation
effect; these variables show
relatively high correlations with M2
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Figure 32: Scatter plots of daily M2 values versus 13:00 AEST hourly u and v components of winds at the
Singleton site for 2012–2015. Fit lines are based on loess smoothing

Figure 33: Scatter plots of daily M2 values versus 7:00 AEST hourly temperature at the Merriwa site (left)
and 13:00 AEST hourly relative humidity at the Singleton site (right), respectively for data in 2012–2015.
Fit lines are based on loess smoothing
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Figure 34: Scatter plots of daily M2 values versus 24-hour rainfall (left) and total number of (consecutive)
dry days (right) in the Singleton area

Overall, individual meteorological variables tend to provide low to moderate discrimination of
M2 values. In other words, none of these variables demonstrates significant predictive power
for forecasting the occurrence of high M2 (i.e. high-risk) days. However, due to the holistic
and interactive nature of the earth–atmosphere system, it is expected that a combined use of
multiple meteorological variables can potentially provide increased predictability, i.e. a
system that may not identify all high metric days but would be better than no system. One
approach is to simply select a suite (a limited number) of most influential variables through
some type of feature selection tool, such as a decision tree algorithm, which are then used to
formulate some cause–effect models. The resulting forecasting models will have the
advantage of providing some insights into the relationship between meteorological conditions
and M2 categories.
Alternatively, based on all (or a subset of) the meteorological variables, derived variables can
be computed via some data reduction or pattern recognition statistical techniques (e.g. PCA
or data clustering, Jiang et al. 2016), which are then applied as input variables to decision
tree or logistic regression models. In this case, however, the interpretation of the
meteorology/M2 relationships in the forecasting models may become less intuitive, or require
advanced domain knowledge.
From an operational point of view, the former approach appears more attractive for the
purpose of this project. Hence, in this study, the final variables entering into the statistical
models were determined by applying the decision tree algorithm for tree construction and the
‘forward stepwise’ method for logistic regression (see Section 6.2.1 for limitations in the latter
method).
Predictability test
Can the chosen meteorological variables predict M2 values? A backpropagation neural
network was used to examine how well M2 values can be predicted by the available
meteorological variables. The neural network consisted of three layers, one input layer with
65 neurons (i.e. all 65 candidate meteorological variables), one hidden layer with 20 neurons,
and one output layer with one neuron (i.e. M2). The results show that M2 values were
generally under-predicted by meteorological variables, with a forecast deviation in the range
of around 10µg/m3 from observed M2 values (Figure 35). This finding indicates that while

47

Upper Hunter Dust Risk Forecasting Scheme Development: Final Report to the NSW EPA

meteorological conditions can explain some proportion of the day-to-day variability in M2,
other factors such as variations in PM10 emissions in the valley may also play a significant
role in determining the dust risk level in the Upper Hunter valley. The latter aspect deserves
further attention in future studies.

Figure 35: Backpropagation neural network predicted versus observed M2 values. Definition of M2top5
categories: 1 indicates low-risk category (under); 2 indicates high-risk category (top 5%)

6.2.4

Input data preparation

Most of the high-risk days (top 5% values) in M2 during 2012–2015 occurred under relatively
dry weather with prevailing winds in the valley being north-westerlies (e.g. Figure 32), with all
high-risk days having 24-hour rainfall less the 16mm in the Singleton area. Bushfires and
dust storms can have significant impacts on PM10 pollution in the valley (Section 3.3.1).
Hence, for the purpose of building meteorology based dust risk forecasting models, only
days meeting the following conditions were included (note that this data reduction step is
specified as an initial risk screening step in the dust risk forecasting scheme illustrated in
Figure 30):
1)

2)

3)

4)

not significantly affected by unusual events such as bushfires or dust storms (i.e. only
including data for non-event days; bushfires and dust storms have significant impacts on
PM10 pollution in the study region and will be dealt with separately in other studies)
rainfall in the Singleton area <16mm (during 2012–2015, all days in the high-risk
category had daily rainfall less than 16mm in the Singleton area; hence, it is assumed
that high-risk days will not occur if daily rainfall ≥16mm, in particular in the morning)
calm (light wind) or north-westerly flow conditions at the Singleton site: [13:00 AEST u
component > -0.5m/s] and [13:00 AEST v component < 0.5m/s] and [7:00 AEST v
component < 0.5m/s] and [19:00 AEST v component < 0.5m/s] (as high M2 values tend
to occur on days with north-westerly winds in the valley; Appendix 1)
calm (light wind) or northerly low conditions at the Merriwa site: [7:00 AEST v component
< 0.0] and [13:00 AEST v component < 0.0m/s] and [19:00 AEST v component < 0.0
m/s] (as high M2 values tend to occur on days with northerly at this site; Appendix 1).
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This treatment has led to a dataset with 293 days of records, including 39 days in the top 5%
category. This dataset was used to develop statistical forecasting models (Table 10).
Training and testing datasets
In model building, one may choose a two-way or three-way data split to undertake model
training, evaluation and testing (Jiang & Riley 2015). A three-way split involves splitting the
input data into three subsets, often termed the training set, evaluation set and testing set. A
two-way split leads to only training and testing tests. Given that the number of daily records
was not large, we chose to apply a two-way split with random sampling to form a training and
a testing dataset (Table 10).
In order to assess the uncertainty associated with the sampling process, the random
sampling was repeated four times (RS1 to RS4), resulting in four pairs of training and testing
datasets (Table 10). The training datasets were used for model construction, while the
testing datasets were applied to determine the model performance (note: model evaluation
was also undertaken for tree pruning via the rpart and C50 algorithms using the crossvalidation technique).
Table 10: Training and testing datasets: sample sizes (days) by random sample splits

6.2.5

Model performance statistics

As mentioned earlier, the model performance was assessed using six statistical indicators
defined for categorical forecasts (USEPA 2003; Zhang et al. 2012a). These are accuracy (A),
bias (B), false alarm rate (FAR), critical success index (CSI), probability of detection (POD)
and forecast skill (Table 11). The performance statistics were evaluated between high-risk
(i.e. within top 5%) and low-risk (i.e. under top 5%) categories. In other words, the evaluation
was focused on assessing the model performance for forecasting high dust risk days, i.e.
adverse conditions in the SE subregions in the valley.
Table 11: Interpretation of six performance statistics. Source: adapted from USEPA (2003)
Statistics

Description

Accuracy (A)

Percent of forecasts that correctly predicted the event or non-event

Bias (B)

Indicates, on average, if the forecasts are under-predicted (false
negatives) or over-predicted (false positives)

False alarm rate (FAR)

Percent of times a forecast of high pollution did not actually occur

Critical success index
(CSI)

How well the high-pollution events were predicted; it is unaffected by
a large number of correctly forecasted, low-pollution events
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Statistics

Description

Probability of
detection (POD)

Ability to predict high-pollution events

Skill

Percentage of improvement in the accuracy of the tree or logistic
regression model with respect to the random pick ( reference) model

6.2.6

Model evaluation

From each random sample (RS) split, three models were constructed, with two decision tree
models (using CART and C5.0) and one logistic regression model. Table 12 and Table 13
show the model performance statistics calculated on the training and testing datasets,
respectively. To reiterate, the calculation was undertaken at the cut-off between high-risk (top
5%) and low-risk (under) categories of M2, focusing on assessing the model performance for
forecasting days falling into the top 5% category.
The forecasting skills of the models were derived in reference to random forecast (i.e. nomodel forecasting) for each sample split. The results show that all statistical models
demonstrate significantly improved performance compared to random forecast, with the
estimated A (accuracy), POD (probability of detection), FAR (false alarm rate), CSI (critical
success index) and B (bias) on the testing data being in the range of 81–91%, 7–63%, 0–
67%, 7–36% and 0.1–1.5, respectively.
The performance of these statistical forecasting models varies considerably across datasets
and methods. Based on the training datasets, the CART and C5.0 models (decision trees)
generally outperform logistic regression models for the same sample split (Table 12).
However, the two types of models (i.e. decision tree versus logistic regression model) tend to
perform more comparably on the testing datasets (Table 13), except that logistic regression
models have lower (0.1~1.0) bias (B) values (i.e. a tendency to under-predict the number of
high-risk days).
Across different sample splits (RS1 to RS4), the C5.0 models tend to have relatively higher
probability of detection and bias values than other models – this is particularly true for the
training datasets (Table 12), indicating some degree of over-fitting in these tree models. For
most of the sample splits, C5 models tend to have higher false alarm rate and critical
success index values than the CART models. In contrast, the CART models appear to have
generally lower FAR values, with lower or comparable CSI values. The variability across
sample splits might be associated with the limitation in available data points, as small
samples may not be able to represent the full range of physical processes affecting PM10
pollution in the valley.
In summary, the statistical models demonstrate moderate forecasting skills, with POD lower
than 60% and false alarm rate generally higher than 40%. Balancing the need for low FAR
and B and high CSI, POD and A, Model3a and Model4b appear to be appropriate candidates
to be the final model; for instance, for simplicity Model3a may be chosen as the final model
(Figure 36).
Table 12: Model evaluation on the training dataset: performance statistics for the CART, C5.0,
logistic regression models, compared to random (no-model) forecast. Evaluation cut-off: top
5% and under
Sample

RS1

Method

Model

A

POD

FAR

CSI

B

CART

Model1a

97.6

78.3

0.0

78.3

0.8

11.8

C5.0

Model1b

96.7

100.0

23.3

76.7

1.3

17.7

Logistic

Model1c

89.9

26.1

40.0

22.2

0.4

-0.8
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RS2

RS3

RS4

CART

Model2a

96.7

75.0

0.0

75.0

0.8

12.4

C5.0

Model2b

100.0

100.0

0.0

100.0

1.0

20.5

Logistic

Model2c

87.6

32.1

43.8

25.7

0.6

-0.6

CART

Model3a

94.5

61.3

0.0

61.3

0.6

8.4

C5.0

Model3b

97.7

93.5

9.4

85.3

1.0

19.4

Logistic

Model3c

94.0

70.0

16.0

61.8

0.8

11.1

CART

Model4a

95.5

65.6

0.0

65.6

0.7

9.5

C5.0

Model4b

93.8

100.0

31.9

68.1

1.5

21.0

Logistic

Model4c

91.7

56.3

25.0

47.4

0.8

6.6

82.1

14.3

95.0

3.8

2.9

NA

83.0

13.3

95.0

3.8

2.7

NA

81.8

14.6

95.0

3.9

2.9

NA

77.5

19.4

95.0

4.1

3.9

NA

RS1
RS2
RS3

Random
forecast

Benchmark
(no model)

RS4

* Skill of a statistical model is calculated in reference to the random (no model) forecast
benchmark
Table 13: Model evaluation on the testing dataset: performance statistics for the CART, C5.0,
logistic regression models, compared to random (no-model) forecast. Evaluation cut-off: top
5% and under
Sample

RS1

RS2

RS3

RS4

Method

Model

A

POD

FAR

CSI

B

Skill*

CART

Model1a

81.9

18.8

40.0

16.7

0.3

-8.5

C5.0

Model1b

80.7

31.3

50.0

23.8

0.6

-4.1

Logistic

Model1c

82.9

6.7

0.0

6.7

0.1

-11.7

CART

Model2a

88.0

36.4

42.9

28.6

0.6

0.6

C5.0

Model2b

86.7

45.5

50.0

31.3

0.9

3.1

Logistic

Model2c

91.4

40.0

20.0

36.4

0.5

2.1

CART

Model3a

90.5

50.0

42.9

36.4

0.9

4.7

C5.0

Model3b

86.5

62.5

58.3

33.3

1.5

7.6

Logistic

Model3c

89.0

37.5

50.0

27.3

0.8

1.6

CART

Model4a

84.3

28.6

60.0

20.0

0.7

-2.2

C5.0

Model4b

88.2

57.1

42.9

40.0

1.0

6.8

Logistic

Model4c

84.0

33.3

66.7

20.0

1.0

-0.2

84.2

12.0

95.0

3.7

2.4

NA

84.2

12.0

95.0

3.7

2.4

NA

80.4

16.2

95.0

4.0

3.2

NA

82.6

13.7

95.0

3.8

2.7

NA

RS1
RS2
RS3
RS4

Random
forecast

Benchmark
(no model)

* Skill of a statistical model is calculated in reference to the random forecast (no model)
benchmark
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6.3

Adverse meteorological conditions associated with
high incremental dust risks

The adverse meteorological conditions associated with high dust risks are illustrated in
Figure 36 for the decision tree derived through the CART (rpart) method from the RS3
sample (i.e. Model3a). In summary, Figure 36 indicates that high number of dry days prior to
the forecasted day, high temperature range between 7:00 and 13:00 AEST, low humidity and
high speed northerly winds combine to contribute to an incremental dust risk that falls into
the top 5% range in the historical records.
In comparison, the adverse meteorological conditions associated with high dust risks are
also illustrated in Figure 37 for the decision tree derived through the C5.0 (C50) method from
the RS4 sample (i.e. Model4b). Figure 37 suggests that high number of dry days and low
accumulative rainfall prior to the forecast day, low humidity, low westerly wind component at
Singleton and high westerly wind component at Merriwa combine to contribute to an
incremental dust risk that falls into the top 5% range in the historical records.
Operationally, these adverse meteorological conditions can be combined with those
conditions described in Section 6.2.4 to assess the incremental dust risks for a forecast day.
It is clear that only a small set of meteorological variables (i.e. predictive variables listed as a
table in Figure 36 or Figure 37) is needed to run the decision tree models (illustrated as
flowcharts). The selected meteorological variables are a subset of those 65 variables listed in
Table 9. Meteorological forecast for these variables can be extracted from the BOM
ACCESS product or generated in-house by OEH meteorological modelling systems.
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Figure 36: Schematic of a decision tree (flowchart) defined through CART (rpart) for sample split RS3
(Model3a). Variables are described in the tables
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Figure 37: Schematic of a decision tree (flowchart) defined through C5.0 (C50) for sample split RS4
(Model4b). Variables are described in the tables

6.4

Possible extension of the forecasting scheme
development

The statistical models have demonstrated moderate forecasting skills with the POD lower
than 60% and the false alarm rate generally higher than 40%. The forecasting skills may be
improved in a number of different ways.
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One option is to adopt a statistical ensemble approach, applying more advanced statistical
techniques such as random forest. In a standard decision tree method (e.g. from CART),
each node is split using the best split option among all variables. In contrast, the random
forest algorithm adopts an ensemble modelling approach by applying the bagging technique
(Han & Kamber 2006), where an ensemble of classification and/or regression trees are
derived from random subsets of the data, using a subset of randomly chosen predictors for
each split in each classification tree (Liaw & Wiener 2002). The algorithm is able to better
examine the contribution and behaviour that each predictor has, even when one predictor’s
effect would be overshadowed by more significant competitors in simpler models (Liaw &
Wiener 2002). Studies showed that random forest performs very well compared with other
classifiers, including discriminant analysis, support vector machines and neural networks,
and is robust against over-fitting (Breiman 2001).
Another option is to apply a two-step approach to the incremental dust risk forecasting. We
may first forecast directly the daily PM10 levels at specific locations, and then derive the daily
metric value by taking the difference in PM10 levels between different locations. This
approach has the advantage of suppressing the analytic complexity introduced by combining
data/signals from two different air quality subregions, with the potential of leading to
improved dust risk forecasting skills.
This study has shown that the logistic regression does not perform better than other
methods. It is known that significant multicollinearities exist among some meteorological
variables; hence, it is possible that such multicollinearities might have impacted the
performance of the logistic regression models. An improved approach involves first
identifying predictive variables that are not significantly correlated with each other (or
alternatively, transforming the correlated variables into a small set of linearly independent
variables via a data reduction technique, such as PCA) and then running an analysis on the
identified variables to formulate a new set of logistic regression models. This approach may
be tested in future iterations of the modelling process in this project.
This study has shown that PM10 pollution in the valley can be summarised with two principal
components (PC1 and PC2); hence, it is possible to re-define a dust risk metric based
directly on the dimensionless PC1 and PC2 time series. For example, a test can be
undertaken to see whether the typical meteorological patterns associated with high values of
the metric can provide increased predictability. The disadvantage is that such a
dimensionless metric is less interpretable compared to M2 defined in this study.
Due to the tight project timeframe, the model building was focused on meteorological
variables for the Singleton and Merriwa sites. The exploratory data analysis showed that the
correlations between the dust risk metric and meteorological variables vary considerably
across sites, times of the day and seasons of the year. Hence, it would be of interest to test
whether forecasting skills can be improved by adopting a more holistic analytic approach,
such as including meteorological variables from multiple monitoring sites in the analysis. For
example, a pattern recognition based approach involves first identifying a set of typical
meteorological patterns from multi-site meteorological variables and then linking these
patterns to high and low dust risks in the study region.
The forecasting models have been focused on the effect of meteorological conditions,
without explicitly accounting for other factors such as variations in dust emissions due to
changes in mining activities. Hence, improvement may also be achieved through application
of some sophisticated method which takes into account the variability in both meteorological
and dust emission conditions, such as a coupled meteorological–chemical transport
modelling system. However, this is rather challenging so far as such a system requires
reliable high resolution emissions data, which is not yet available. Compared to the above
options, the development and implementation of a deterministic modelling system is more
resource intensive, in particular, the system maintenance cost is often a lot higher than most
statistical forecasting methods (Jiang et al. 2015).
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7

Summary and recommendations

The EPA was seeking an investigation of the meteorological conditions that give rise to
adverse air quality (as PM10) conditions in the Upper Hunter (UH) region. The intention is to
develop a forecasting system that would allow dust generating activities to be modified or
ceased when the relevant meteorological conditions are anticipated. Due to resource
constraints, this work has been undertaken under joint investment by the EPA and OEH. This
report documents the main project outputs so far, particularly focusing on two aspects: a)
providing an integrated summary of the multi-year PM10 data for the Upper Hunter region;
and b) documenting the formulation of an incremental dust risk forecasting scheme for the
Upper Hunter region. The project outputs can be summarised with four major achievements:
First, the project has provided a comprehensive summary of the multi-year PM10 data from
the UHAQMN for the first time since the commencement of the network. One significant
finding is the identification of two distinct air quality (PM10) clusters in the valley, i.e. the SE
and WNW subregions. The variability in daily PM10 pollution within the two subregions can be
summarised by two dimensionless principal component time series, or alternatively, by PM10
time series from a subset of (representative) monitoring stations in the network.
Second, an incremental dust risk metric has been established to indicate the impact of the
within-valley PM10 emissions primarily on the SE subregion under north-westerly wind
conditions. The metric is defined as the difference in daily PM10 concentrations between the
Singleton (in the SE subregion) and Merriwa (in the WNW subregion) air quality monitoring
stations in the UHAQMN. Essentially, high metric values indicate the elevated levels of dust
generation from the area of the valley that is dominated by coal mining.
Third, the relationship between the dust risk metric and a large number of meteorological
variables has been explored in an effort to identify a small (minimal) number of parameters
that serve to effectively identify adverse conditions due to impacts from PM10 emissions in
the valley. The results show that correlations between high metric values and meteorological
conditions are complex (generally non-linear) and vary considerably across seasons, sites
and variables. In other words, an effective interpretation of high dust risk conditions requires
the application of a more holistic approach; for example, the use of variables from multiple
sites and time points.
Forth, an incremental dust risk forecasting scheme has been proposed for dust risk
management purposes. The scheme forecasts days with elevated dust risk in the SE
subregion under north-westerly wind conditions. It consists of four system layers and five
major components. The system layers reflect the steps for undertaking a forecasting task.
The five components are: 1) risk assessment modelling driven by the BOM or OEH
meteorological forecast; 2) risk assessment based on domain knowledge; 3) risk assessment
based on information on bushfires and dust storms; 4) post-processing (integrating) the
outputs from 1) to 3); and 5) issuing a final dust risk forecast and undertaking risk control
measures if needed. The scheme can be implemented simply within Microsoft Excel, or
alternatively, can be established in R or SAS for automation.
The statistical models tend to show moderate forecasting skills. It is acknowledged that some
of the unexplained variability in the dust metric might be due to the effect of the nonmeteorology driven changes in dust emissions (which were not taken into account in the
forecasting models). It is envisaged that improvements in the forecasting scheme may be
achieved through application of more sophisticated analytic methods such as:
•

applying a statistical ensemble decision tree approach such as the random forest
method ( Jiang & Riley 2015): a large number of decision trees are formed based on
subsets of the data sample and predictive variables and then these decision trees are
used by majority voting to provide a probabilistic forecast for dust risk levels
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•

•

•

•

•

•

adopting a 2-step forecasting approach: first forecasting the PM10 concentrations at
specific locations and then deriving the metric value by taking the difference in PM10
values at different sites
adopting a more holistic analytic approach such as including meteorological data from
multiple stations in the analysis: for example, a pattern recognition based approach
involves first identifying a set of typical meteorological patterns influencing the Upper
Hunter valley and then linking the patterns to high and low dust risks in the study region
re-defining a dust risk metric based directly on the dimensionless PC1 and PC2 time
series: a test can be undertaken to see whether meteorological conditions associated
with high values of such a metric may provide increased predictability; the disadvantage
of this approach is that the metric can become less interpretable compared to M2
defined in this study
adopting a pattern recognition based approach: this involves first identifying a set of
typical meteorological patterns influencing the Upper Hunter valley based on multi-site
meteorological variables and then linking these patterns to high dust risks in the region
taking into account the variability in mining activities: the statistical modelling in this study
was focused on the influence of meteorological conditions (variables) on PM10 pollution,
without considering the variability in dust emissions due to changes in mining activities;
such information, e.g. work hours data from mines, might be included in the future study
when available
adopting a chemical transport model (CTM) based approach: since some of the
unexplained variability in the dust metric may be due to changes in emission conditions,
improvements may also be achieved through application of some sophisticated
deterministic modelling systems such as coupled meteorological–chemical transport
models.

Based on the project outputs so far, the next step may involve: a) finalising the forecasting
scheme for operational use by the EPA; b) undertaking technology transfer, staff training and
final documentation of the scheme; and c) evaluating the forecasting scheme with historical
meteorological forecasts and putting the improved (if applicable) scheme on trial.
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Appendix 1: Scatter plots of meteorological
variables versus M2 (dust risk metric)
Scatter plots for M2 versus all individual meteorological variables are presented in this
section. The meteorological variables (displayed on the vertical axis) are defined in Table 9.
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Figure 38: Scatter plots between M2 and individual meteorological variables defined in Table 9. Fit lines
are based on loess smoothing
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Appendix 2: Spearman correlations between
meteorological variables and M2 (dust risk metric)
Some meteorological variables have skewed data distribution and strong seasonal variability.
Hence, Spearman correlation coefficients were calculated to examine the relationships
between M2 and individual meteorological variables. Some examples are given in this
section. The meteorological variables are defined in Table 9.

Figure 39: Examples of Spearman correlations between M2 and meteorological variables (wind speed, u
and v components, relative humidity and temperature) at 7:00, 13:00 and 19:00 AEST in spring
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Winter

Summ
er

Figure 40: Examples of Spearman correlations between M2 and the accumulative rainfall totals for N
days (N=0, 1, 2 … 29, 30) prior to the forecast day in winter and summer
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Appendix 3: Auto-correlations and crosscorrelations in PM10 concentrations
Daily PM10 concentrations, as well as hourly PM10 concentrations for 7:00, 13:00 and 19:00
AEST, show significant lag-1 (i.e. one-day lag) auto-correlations. Accordingly, hourly PM10
concentrations for 7:00, 13:00 and 19:00 AEST also show lag-1 cross-correlation with daily
PM10 concentrations at the same site. Some examples are given in this section. The
meteorological variables are defined in Table 9.

Auto-correlation
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Figure 41: Examples of partial auto-correlation functions (ACFs) of PM10 concentrations for a lag of 1–16
days
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Cross-correlation
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Figure 42: Examples of cross-correlation functions (CCFs) of PM10 concentrations for a lag of ± 1–7 days
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Appendix 4: Scatter plots between meteorological
variables for different times of the day
Scatter plots were also used to examine the relationship between meteorological variables
for different times of the day. The meteorological variables are defined in Table 9. Some
examples are given in this section.
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Figure 43: Examples of scatter plots between meteorological variables at different times of the day
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Appendix 5: Seasonality in meteorological variables
Seasonality exists in most meteorological variables. The meteorological variables are defined
in Table 9. Some examples are given in this section.
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Figure 44: Examples showing the seasonality in meteorological variables
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Appendix 6: Diurnal variability in wind conditions at
the Muswellbrook site
Wind conditions in the Upper Hunter valley show significant diurnal variations. This can be
illustrated with wind roses for the Muswellbrook site for each hour (1 to 24) of the day for
each season.

Muswellbrook: wind rose by hour (summer 2011-2015)
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Muswellbrook: wind rose by hour (autumn 2011-2015)
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Muswellbrook: wind rose by hour (winter 2011-2015)
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Muswellbrook: wind rose by hour (spring 2011-2015)
1

75%

2

50%

75%

3

50%

4

75%
50%

75%

5

75%

50%

6

75%

50%

50%

25%

25%

25%

25%

25%

25%

count = 455

count = 455

count = 454

count = 454

count = 452

count = 454

calm = 0%

calm = 0%

calm = 0%

calm = 0%

calm = 0%

7

8

9

75%
50%

75%
50%

75%

10

50%

75%

11

75%

50%

calm = 0%

12

75%

50%

50%

25%

25%

25%

25%

25%

25%

count = 453

count = 454

count = 454

count = 453

count = 453

count = 452

calm = 0%
13
75%

calm = 0%
14
75%

calm = 0%
15
75%

calm = 0%
16
75%

calm = 0%
17
75%

18

50%

50%

50%

50%

calm = 0%
75%

50%

50%

25%

25%

25%

25%

25%

25%

count = 451

count = 453

count = 455

count = 455

count = 455

count = 454

calm = 0%

calm = 0%

calm = 0%

calm = 0%

calm = 0%

19

75%
50%

20

75%
50%

21

75%

22

50%

75%

23

75%

50%

calm = 0%

24

75%

50%

50%

25%

25%

25%

25%

25%

25%

count = 454

count = 454

count = 454

count = 455

count = 454

count = 455

calm = 0%

calm = 0%

calm = 0%

calm = 0%

calm = 0%

calm = 0%

0.009-1

1-2

2-4

4-6

6-8.832

1

wind speed (m s )

Frequency of counts by wind direction (%)
Figure 45: Wind roses for each hour (1 to 24) of the day by season. Data: hourly wind speed and direction
records for 2011–2015 from the Muswellbrook site
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