Sl High quality daily subseasonal streamflow forecasts? Ask MuTHJE.: - SEatiti

M Bureau of Meteorology

Assoc. Prof. Aim: Produce daily subseasonat30 day) streamfloworecasts with high quality
Mark Thyer performancefor a range of lead times and aggregation scales (daily to monthly

Key Outcomes  asie
AConsistent high forecast quality for range of time

scales (daiynonthly), lead times, months & years

. . L Stratified by lead time
Significantly improvedeliabilit ‘ — Baseline

for shortleadtimes(see right)
dry months and drought years

Key Innovation

MuTHRE: Multtemporal hydrological residual error
modeladdresses rangeof hydrological errors:
A SeasonalityErrors vary systematically by month
A Dynamic Biase<rrors vanpy year,dueto hydrological
non-stationarity
A Extreme errorsOccasional very large errors, poorly
represented by common Gaussidistribution
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Australian Bureau of Meteorology: Water Information Products
Perspective Situational awareness Foresight

Australian Government

" Bureau of Meteorology

National water account : Long-term trends

Water balance reporting _Seasonal forecasts

Water market website [ o ]
“Flood and shogts

Key Gaps in Current Capability: Seamless
Subseasonal Daily Streamflow Forecasts

Daily forecasts for 0-30 day lead time
Seamless forecasts with consistent quality at
range of time scales (daily/weekly/monthly)



Subseasonal Streamflow Forecasting: Motivation

Feature and Benefits Seven Day Seasonal Subseasonal
Streamflow Streamflow Streamflow
Forecasts Forecasts Forecasts

Monthly forecasts for 43 monthslead time
Subdailyforecasts for up to 7 days for flogairposes

Highquality forecasts at multiple sites Australia wide

Seamlesslaily forecasts for €80 day lead time

Potentialintegrationinto reaktime river-system decision
making toolgqe.g.eWaterSource)

Enable basimanagers to gantify forecastisks of
high/low flow daily events

Subseasonal forecasts will leadd W& G S LJ i0tkd agoati®rof forecasts by
The University of Adelaide key water agenCieS Slide 55jide 5




Seamless Site Forecasts: Aims and Outcomes

DynamicStreamflow Key Outcomes:
Forecasting System

Aim: Seamless daily forecasts
at gauged sites for
0-30 day lead time

1. Developed NEW Multipldemporal
Hydrological Residual Error Model
(MUTHRE)

2. Reliable across a range of

Rainfallly umoff - lead times (€30 days)
..... | Model - time scales (daily/weekly/monthly)
- - stratified performance (months/

years)

G LR oo S S Streamflow po i
e SN TN S processing%rﬂ 3. Sharper than climatology

A Technology is independent of hydro. modgdotentially useful for

other hydro. models

9 ’O b '_"
..... \\Q\\//} A Published irjournal, Water Resources Research,
“_ AWwWSOASESN Orgnsayiavel dpproach to ppsbcess
probabilistic forecasts and enhance temporal consistency in sk
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Subseasonal Streamflow Forecasting System
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Daily Rainfall
Forecasts Daily Rainfall=
(ACCESS + Rainfall  using rainfaltrunoff
PostProcessing) modelling

Rainfall forecasts are reliable due
advances in ACCES&nd rainfall
postprocessing

The University of Adelaide
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Deterministic

Streamflow Probabilistic iﬁ B | (]I I N R N
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>Streamflow  postnrocessing of daily streamflow |
forecasts using probabilistic Forecastaily

residual error models streamflow

Q: Is it important to account for hydrological residug
errors for reliable streamflow forecasting?

A: Yes, very!! (key point of presentation)
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Key features  of Residual Errors in Hydrological Modelling
Residuaekrrors are predictive errors from hydrological model, Residual Er@@obs- Qhydro

N~
_.© - —— Observations A Heteroscedasti&rrors:
T w0 4 — Predictions larger errors in larger flows
Q /I
<t —
E o / [Mclnerney et al, 2017]
2 ; : ;
2 N 7 Persistence in Errorsame sign over
N multiple time steps (not independent)
© | | | | |
2350 2400 2450 2500 / [Evinet al, 2013]
,(%m — 1 /I/_ Errors | Other features known but not commonly represente
2 ~ in residual error models:
e . .
~ 5 A SeasonalityErrors vary systematically by month
o
g ! A Dynamic Biase<Errors vary systematically by yea
e \ J performance different in wet and dry years dtee
o _

I I | , | hydrological norstationarity

2350 2400 Timi“(%‘; " 2500 2550 A Extreme errorsOccasional very large errors, poo
y represented by common Gaussian distribution

Mclnerney, D., M. Thyer, D. Kavetski, J. Lerat, and G. Kuczera (2017), Improving probabilistic prediction of daily streamflduy identifying Pareto optimal approaches for modeling heteroscedastic residual errors,Water Resour
Res 53(3), 21992239,

Evin G., M. Thyer, D. Kavetski, D. Mclnerney, and G. Kuczera (2014), Comparison of joint versus postprocessor approadhiegifead lmytertainty estimation accounting for error autocorrelation and
heteroscedasticityWater ResouiRes50(3), 23502375, doi:


http://dx.doi.org/10.1002/2016WR019168
http://dx.doi.org/10.1002/2013WR014185

Key Innovations: MUTHRE Model

Deterministic Streamflow

Deterministic streamflow from
rainfallrunoff model

from rainfallkrunoff model

~~ >

-

Heteroscedastici /

A Multi-TemporalHydrological
Baseline Residualeror (MUTHRE) Model

II\Q/IeS(’ZIIdluaI Error A Incorporates wide range of
ode common residual errors in
Gaussian Errors Hydrological Models

Mixed Gaussian

for extreme erro
Probabilistic Streamflow :
Probabilistic Streamflow

A Commonly represented in most residual A Previous studieshowed importancef individual components
error models A MUTHRE first time all components combined and used for

subseasonadtreamflow forecasting
The University of Adelaide Sliue 1u




Subseasonal Streamflow Forecasts

=> using MUTHRE Model
> @ / MUTHRE Modem
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Daily Rainfall -
Forecasts Daily Rainfall=>Streamflow Mixed Gaussian
(ACCESS + Rainfall  using rainfaltrunoff for extreme error Forecastaily
PostProcessing) modelling streamflow

Postprocessing of dail
streamflow forecasts usin
probabilistic residual error mo

A First time all components used feubseasonastreamflow forecasting
A Compared with forecasts using Baseline madstead of MUTHRE Will the MUTHRE be able to achiel
seamless forecasts?

The University of Adelaide
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Forecast Evaluation: What makes a good probabilistic forecast?
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Reliable Forecast probabilities are reliable (ibJsx> € A YA U
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/ Reliable, but not sharp
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=> Accurate risks of high/low flow events

¢f \WB obdeivitibizg) e ¢  r":

~ A A~
v I4

Reliable, sharp, unbiased

Reliable and sharp forecasts:

=> Greater industry uptake

> Better impnaggment decisioy
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