
Key Outcomes
ÅConsistent high forecast quality for range of time 

scales (daily-monthly), lead times, months & years

Key Innovation
MuTHRE: Multi-temporal hydrological residual error 

model addresses a range of hydrological errors:  

ÅSeasonality:Errors vary systematically by month

ÅDynamic Biases: Errors vary by year, due to hydrological 
non-stationarity

ÅExtreme errors: Occasional very large errors, poorly 
represented by common Gaussian distribution Far sharper than climatology

(~30% of climatology for 1-3 
days lead time)

Significantly improved reliability 
for short lead times(see right),  
dry months and drought years

High quality daily subseasonal streamflow forecasts? Ask MuTHRE!
Aim: Produce daily subseasonal (0-30 day) streamflow forecasts with high quality 
performance for a range of lead times and aggregation scales (daily to monthly)

Assoc. Prof. 
Mark Thyer

McInerney et al, 2020, WRRΥ  aǳƭǘƛπǘŜƳǇƻǊŀƭ 
Hydrological Residual Error Modeling for 
Seamless Subseasonal Streamflow Forecasting

See paper for more details 

https://doi.org/f8k5

MuTHRE Climatology

https://doi.org/f8k5
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Australian Bureau of Meteorology: Water Information Products

DECADES DAYS DAYSWEEKS WEEKSYEARS YEARS DECADES

PAST FUTUREPRESENT

Perspective ForesightSituational awareness

Water balance reporting

Water market website

National water account Long-term trends

Flood and short-range forecasts

Seasonal forecasts

MONTHS

Sub-seasonal forecasts

MONTHS

Key Gaps in Current Capability: Seamless 

Subseasonal Daily Streamflow Forecasts

Å Daily forecasts for 0-30 day lead time

Å Seamless forecasts with consistent quality at 

range of time scales (daily/weekly/monthly)

Daily streamflow forecasts 

Slide 4



Subseasonal Streamflow Forecasting: Motivation
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Feature and Benefits Seven Day 
Streamflow
Forecasts

Seasonal 
Streamflow
Forecasts

Subseasonal
Streamflow
Forecasts

Monthly forecasts for 1-3 monthslead time U V U

Subdailyforecasts for up to 7 days for floodpurposes V U U

Highquality forecasts at multiple sites Australia wide V V ?

Seamlessdaily forecasts for 0-30 day lead time U U V

Potentialintegration into real-time river-system decision 
making tools (e.g. eWaterSource) V U V

Enable basinmanagers to quantify forecastrisks of 
high/low flow daily events V U V

Subseasonal forecasts will lead to ΨǎǘŜǇ ŎƘŀƴƎŜΩ in the adoption of forecasts by 
key water agencies Slide 5



Seamless Site Forecasts: Aims and Outcomes
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Gauged sites

Ungauged 

sites

Aim: Seamless daily forecasts 

at gauged sites for 

0-30 day lead time

Å Technology is independent of hydro. model ςpotentially useful for 
other hydro. models

Å Published in journal, Water Resources Research,  
ÅwŜǾƛŜǿŜǊ ŎƻƳƳŜƴǘǎΥ άPresents a novel approach to post-process 

probabilistic forecasts and enhance temporal consistency in skill 
ŀŎǊƻǎǎ ƘƻǊƛȊƻƴǎέ 

Dynamic Streamflow 
Forecasting System

Rainfall forecasts
(daily)

Rainfall Ҧ wunoff 
Model

Streamflow post-
processing

Key Outcomes: 

1. Developed NEW Multiple-Temporal 
Hydrological Residual Error Model 
(MuTHRE) 

2. Reliable across a range of 
- lead times (0-30 days) 
- time scales (daily/weekly/monthly) 
- stratified performance (months/ 

years)

3. Sharper than climatology
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Subseasonal Streamflow Forecasting System

Daily Rainfall 
Forecasts  

(ACCESS-S + Rainfall 
Post-Processing)

Daily Rainfall=>Streamflow 
using rainfall-runoff 

modelling
Forecast daily 
streamflow

Rainfall forecasts are reliable due 
advances in ACCESS-S and rainfall 

post-processing

Q: Is it important to account for hydrological residual 
errors for reliable streamflow forecasting?
A: Yes, very!! (key point of presentation)

Post-processing of daily streamflow 
forecasts using probabilistic 

residual error models



Key features of Residual Errors in Hydrological Modelling 

Persistence in Errors: same sign over 
multiple time steps (not independent)

Other features known but not commonly represented 
in residual error models:  

ÅSeasonality: Errors vary systematically by month

ÅDynamic Biases: Errors vary systematically by year, 
performance different in wet and dry years due to 
hydrological non-stationarity

ÅExtreme errors: Occasional very large errors, poorly 
represented by common Gaussian distribution

Residual errors are predictive errors from hydrological model, Residual Error = Qobs- Qhydro

Heteroscedastic Errors: 
larger errors in larger flows

[Evinet al, 2013]

[McInerney et al, 2017]

McInerney, D., M. Thyer, D. Kavetski, J. Lerat, and G. Kuczera (2017), Improving probabilistic prediction of daily streamflowby identifying Pareto optimal approaches for modeling heteroscedastic residual errors, Water Resour

Res, 53(3), 2199-2239, http://dx.doi.org/10.1002/2016WR019168

Evin, G., M. Thyer, D. Kavetski, D. McInerney, and G. Kuczera (2014), Comparison of joint versus postprocessor approaches for hydrological uncertainty estimation accounting for error autocorrelation and 
heteroscedasticity, Water ResourRes, 50(3), 2350-2375, doi: http://dx.doi.org/10.1002/2013WR014185.

http://dx.doi.org/10.1002/2016WR019168
http://dx.doi.org/10.1002/2013WR014185
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Key Innovations: MUTHRE Model

ÅPrevious studies showed importance of individual components
ÅMUTHRE first time all components combined and used for 

subseasonalstreamflow forecasting 

Deterministic streamflow from 
rainfall-runoff model

Heteroscedasticity

Persistence  

Gaussian Errors

Probabilistic Streamflow

Baseline 
Residual Error 
Model

Persistence 

Mixed Gaussian 
for extreme errors

Seasonality

Dynamic biases

Deterministic Streamflow 
from rainfall-runoff model

Heteroscedasticity

ÅMulti-Temporal Hydrological  
Residual Error  (MUTHRE) Model

ÅIncorporates wide range of 
common residual errors in 
Hydrological Models

Probabilistic Streamflow

ÅCommonly represented in most residual 
error models
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Subseasonal Streamflow Forecasts

=> using MUTHRE Model

Daily Rainfall 
Forecasts  

(ACCESS-S + Rainfall 
Post-Processing)

Daily Rainfall=>Streamflow 
using rainfall-runoff 

modelling
Forecast daily 
streamflowPost-processing of daily 

streamflow forecasts using 
probabilistic residual error models

Persistence 

Mixed Gaussian 
for extreme errors

Seasonality

Dynamic Biases

MUTHRE Model

Heteroscedasticity

ÅFirst time all components used for subseasonalstreamflow forecasting 
ÅCompared with forecasts using Baseline model instead of MUTHRE Will the MUTHRE be able to achieve 

seamless forecasts?
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Reliable, sharp, unbiased 

Reliable, but not sharp Sharp, but not reliable

Forecast Evaluation: What makes a good probabilistic forecast?

²ŀǘŜǊ ƳŀƴŀƎŜƳŜƴǘ ƛǎ ŀōƻǳǘ άōŀƭŀƴŎƛƴƎ Ǌƛǎƪǎέ ƻŦ ƘƛƎƘκƭƻǿ Ŧƭƻǿ ŜǾŜƴǘǎ όŦƭƻƻŘǎκŘǊƻǳƎƘǘǎύ

άIƛƎƘ ǉǳŀƭƛǘȅέ probabilistic forecasts are:

Reliable: Forecast probabilities are reliable (i.e. фл҈ ƭƛƳƛǘǎ ŀǊŜ άǘǊǳƭȅέ фл҈ cf with observations)

Sharpness: ²ƛŘǘƘ ƻŦ ǳƴŎŜǊǘŀƛƴǘȅ ƛƴ ŦƻǊŜŎŀǎǘ όŀƪŀ ŦƻǊŜŎŀǎǘ ƛǎ άǇǊŜŎƛǎŜέύ 

Reliable and sharp forecasts: 

=> Accurate risks of high/low flow events 

=> Better management decisions 

=> Greater industry uptake

άhǾŜǊ-ŎƻƴŦƛŘŜƴǘέΥ under-estimate risks, 
ҐҔ ŎŀƴΩǘ ƳŀƴŀƎŜ ΨǎǳǊǇǊƛǎƛƴƎΩ ƘƛƎƘκƭƻǿ 

flows

ά/ƭƛƳŀǘƻƭƻƎȅέΥ ƻǾŜǊ-estimates risks 
=> missed opportunities 

to take advantage of events

Slide 13


