Young Proceedings of the 1st JAHR
Professionals Young Professionals Congress
Network 17-18 November 2020

Hosted by
YPN Spain Water and IWHR, China

DATA-DRIVEN MODELLING OF HIGH FLOW-RELATED POOR WATER QUALITY
EVENTS IN THE MID-BRISBANE RIVER

Edoardo Bertone 123, Martin Luna Juncal 1, Khoi Nguyen! & Dapo Kufeji

1 School of Engineering and Built Environment, Griffith University, Parklands Drive, Southport QLD 4222, Australia
e.bertone@griffith.edu.au , martin.lunajuncal@agriffithuni.edu.au , k.nguyen@agriffith.edu.au

2 Cities Research Institute, Griffith University, Southport QLD 4222, Australia

8 Australian Rivers Institute, Griffith University, 170 Kessels Road, Nathan QLD 4111, Australia
4Seqwater, 117 Brisbane Street, Ipswich QLD 4305, Australia
dapo.kufeji@seqwater.com.au

ABSTRACT

Due to the availability of high-frequency flow and water quality data at multiple stations, opportunities for a data-driven
prediction and optimization model for Australia’s Mid-Brisbane river were explored. This river receives water from
Wivenhoe dam and a number of tributaries, with raw water drawn for drinking water treatment and supply to the Brisbane
region. A number of poor raw water quality events regularly occur, and such model would look at predicting and
minimizing them. At this stage, a preliminary flow prediction model, including lag times among locations along the river,
was developed. It was also established that high turbidity events can be predicted based on flows from certain tributaries,
and that conductivity events are strongly related to the flow of a minor, but impactful, tributary. Future work will link the
water quality modelling component to existing flow predictions, while also suggesting coping strategies (e.g. dam releases)
and their best timing to minimize water quality issues at the treatment plant.
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1 INTRODUCTION

The Mount Crosby drinking water treatment plant (DWTP), which in fact combines two separate plants (East
Bank and West Bank), collects water from the Mid-Brisbane River, and can treat and supply up to 800 ML/day
of drinking water to the Brisbane and Ipswich regions, in South-East Queensland, Australia. The efficacy of its
treatment processes (which are traditional coagulation, flocculation, sedimentation, filtration and disinfection
methods) is challenged at times (Khan et al 2017), especially when heavy rain causes high flows at upstream
locations. It seems that the location of heavy rainfall also impacts the risk of poor water quality events, with
certain tributaries (e.g. Lockyer’s Creek) believed to be the main turbidity inputs and others (e.g. Black Snake
Creek) to be the cause of high conductivity events at the DWTP. Consequently, due to the capacity of adjusting
flow releases from the upstream Wivenhoe dam, there is potential to increase such flows in order to effectively
dilute any poor-quality flows from tributaries. Given the installation, in the last decade, of a number of high-
frequency water quality monitoring stations at several locations along the river, the collected historical data
(combined with rain and flow data) provides an opportunity to better understand relationships between flows at
different locations and tributaries, lag times, and water quality.

2 MATERIALS AND METHODS

Following a stakeholder workshop which assisted in understanding the issues, system behavior and data
sources, such data was collected and pre-processed. Hourly flow data for seven river locations during a period
ranging from 2009 to 2020 was collected, as well as hourly water quality data (with a focus on turbidity and
conductivity) at six of these locations starting between 2012 and 2016. However, missing/unreliable data
occurring between 1% and 74% of the entire time period, depending on parameter and station, was present
after pre-processing. The data analysis included a visual inspection, time series analysis, and linear/nonlinear
regression analysis. We also looked at turbidity/flow hysteresis loops (Evans and Davies, 1998) to characterize
the type of runoff event. As a result of the data analysis, short-term flow forecasting models were developed.
Previous (medium-term) flow models were developed by the author with a probabilistic approach (Bertone et
al., 2017). For this study, such models were developed based on three different approaches, including machine
learning (i.e. long short-term memory regression), statistical model (i.e. state-space approach) and multi-variate
regression. Depending on the flow rate of input data, the relevant model is automatically selected. In order to
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obtain the highest accuracy, the system also allows the user to choose different sources of input data/stations
for the forecasting task. Work is underway to also develop water quality models with methods such as artificial
neural networks, random forest, decision tree and extreme gradient boosting models.

3 RESULTS
Clear, strong relationships were identified between historical flow rates of subsequent stations moving
downstream of the catchment. The ratios between peak flows at different locations have correlations with rain-
dependent variables (e.g. total rain in the past 6 months; rainfall heterogeneity within the catchment). Based on
such correlations, the flow prediction model was developed, with a user-friendly interface created in MATLAB.
Presented in Figure 1 is the predicted downstream flow at the Mount Crosby reservoir 10 hours ahead during
an extreme event occurred in 2011. Based on the inflow magnitude at two upstream stations, the multivariate
regression model was employed by the algorithm to yield a very close prediction (black line) compared to the
actual inflow (blue line) with a RMSE of 165 m3/s, which is about 2% of the average flow rate of that 10-hour
period.
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Figure 1. Graphical interface for flow forecasting model, Mid Brisbane River.

From a water quality perspective, paucity of accurate data did not allow an achievement of similarly accurate
models at this stage. However, there seems to be potential to predict the magnitude and timing of turbidity
based on flow predictions, with turbid flows recorded both before and after the flow peak, depending on the flow
magnitude. It seems also highly feasible to predict true colour (whose data frequency was only daily) based on
turbidity, and also conductivity drops (i.e. rainfall event causing dilution and outflow) from a small tributary (Black
Snake Creek) anticipating conductivity peaks at the DWTP.

4  CONCLUSIONS

A combined, preliminary data-driven water quantity (flow) — quality model was developed for the Mid-Brisbane
river with good accuracy achieved thus far for the flow component. The final, refined model has the potential to
predict the sources, timing and magnitudes of poor water quality events reaching the Mount Crosby DWTP.
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