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Abstract
Statistical models and global climate models have, historically, been used to forecast hydroclimate variables several months ahead. Statistical forecasts work by exploiting the relationship between hydroclimate variables and large-scale climate indices. Statistical models are popular because they are simple to use and directly forecast the hydroclimate variable of interest. In contrast, global climate models simulate atmospheric and oceanographic physics: information about current conditions (e.g., sea-surface temperature) is used to initialise the model, and the model estimates the future climate several months or years ahead. Global climate models are more complex and difficult to run but can potentially provide better forecast because they simulate the actual climate system and, unlike statistical models, do not assume stationarity in the system. A drawback, however, is that current global climate models run at spatial resolutions of several hundred kilometres, and therefore may not produce forecasts at local scales of interest. Moreover, for variables such as streamflow, further modelling may be required to infer streamflow from climate forecasts.

This project, together with part of Project 3.1.1, has developed and tested a Bayesian joint probability (BJP) modelling approach to seasonal streamflow forecasting. The approach has the ability to make use of data with non-concurrent or missing values and can therefore easily include additional predictors that have only short data records. In this context, output variables from global climate models can be useful predictors, even though hindcast data series tend to be short. Therefore the approach used here can provide a way of using both the relatively short hindcast data series and other longer observation records, so that a hybrid (statistical and dynamical) forecast of streamflows can be produced.

The BJP modelling approach used in this project has identified climate predictors that increase the skill of streamflow forecasts, focussing on forecasts with a 3-month lead time. A literature review identified a range of climate indices that are correlated to streamflows and rainfall in south-eastern Australia. A stepwise predictor selection procedure was then used to identify those observed antecedent climate predictors that lead to forecasts with the greatest skill. To select the three best climate predictors, the stepwise predictor selection procedure was applied to the Murrumbidgee and Goulburn catchments, producing joint forecasts for three gauging stations in each catchment. 
LEPS skill scores (Linear Error Probability Space scores) of streamflow forecasts made using the best three climate predictors were greater than 25% for all gauging stations, peaking at 55% during late spring and summer. It must be said, however, that the majority of forecast skill can be attributed to knowledge of the antecedent catchment condition derived from antecedent streamflow predictors and climate predictors lagged by many months, not from the predictions of future climate conditions. The selected climate predictors suggested that the dominant climate influences are different for the two catchments investigated.
The potential of forecast climate variables to increase the skill of streamflow forecasts was investigated. Streamflow forecasts were produced using ‘observed’ future rainfall as a predictor. Results indicated that using forecast climate variables as predictor will not provide substantial increases in the skill of streamflow forecasts with a 3-month lead time; however, with longer lead times, forecast climate variables may be valuable predictors for streamflow forecasting.
Significant research highlights, breakthroughs and snapshots

· A Bayesian joint probability (BJP) modelling approach to forecasting multi-site seasonal streamflows was developed. The approach is a significant improvement over existing statistical models. In particular, it works with non-concurrent and missing data, which is important in developing and testing hybrid statistical–dynamic seasonal forecasting models where hindcasts from climate models are generally relatively short compared to the observed climate predictor variables. A number of methods for forecast verification of continuous variables have been developed. A paper on the BJP modelling approach has been accepted, subject to minor revision, for publication in Water Resources Research.
· The BJP modelling approach has been used to identify the observed antecedent climatic predictors that produce the greatest increases in the skill of 3-month streamflow forecast for gauging stations within the Goulburn and Murrumbidgee catchments. Forecasts of 3-month streamflow totals with high skill can be produced, with LEPS skill-score greater than 25% for the majority of stations throughout the year, peaking at 55% during late spring and summer. Although the majority of the forecast skill arises from the antecedent streamflow predictors, the addition of climate predictors does result in improvements in forecast skill. The selected climate predictors were found to vary with both forecast start date and location. Indicators of Pacific Ocean anomalies were found to dominate the climate predictors for the Murrumbidgee, while for the Goulburn a wide range of climate predictors were selected. 
· A detailed assessment was completed of atmospheric predictors that drive runoff in south-east Australia and the relative importance of the atmospheric predictors and antecedent runoff for forecasting runoff several months or seasons ahead. We considered 12 key atmospheric predictors, including ENSO, Indian Ocean Dipole, Southern Annular Mode, and thermocline. For winter (JJA) and spring (SON), antecedent runoff is by far the best predictor of future seasonal runoff over most of south-east Australia. The lag correlation between runoff and atmospheric predictors was also significant in spring and can improve seasonal runoff prediction with the use of antecedent runoff alone. The forecast skill for summer (DJF) is lower than in spring (SON), with antecedent runoff and atmospheric predictors having similar skill. For longer lead times, atmospheric predictors become more important relative to antecedent runoff. The relationship between antecedent runoff and runoff is relatively stable over time, but the relationship between atmospheric predictors and runoff is different in different decades and is stronger during the negative IPO phase. This has implications for the development of forecast relationships using the entire historical data sets.
Summary of methods, results, and their interpretation against each objective
Objective 1: Predictor variables for seasonal streamflow forecasting
A review of the climate and streamflow forecasting literature was undertaken. We identified 10 climatic indices as possible predictors of future streamflows (Table 1). The majority of these indices are measures of sea-temperature anomalies in the oceans surrounding Australia. Antecedent catchment rainfall was also identified as a potential predictor of future streamflows. Monthly time-series were obtained for all climatic indices. During initial predictor selection investigations it was found that the monthly time series of SOI and catchment rainfall were found to be considerably noisier than the other time-series. Therefore, in selecting streamflow predictors monthly SOI was replaced with the average SOI value for the preceding 3 months and monthly catchment rainfall was replaced with total catchment rainfall for the preceding 3 months.

Table 1.  Climatic indices identified as potential streamflow predictors 
	Predictors
	Predictor definition
	Period of record
	Data source

	Indian Ocean

	West Pole Index (IOW)
	Average SST anomaly over 50–70°E, 10°S–10°N
	1854–2008
	NCAR, ERSST.v3 [Smith et al. 2008]

	East Pole Index (IOE)
	Average SST anomaly over 90–110°E, 10°S–equator
	1854–2008
	NCAR, ERSST.v3 [Smith et al. 2008]

	Dipole Mode Index (IODMI)
	West Pole Index – East Pole Index
	1854–2008
	NCAR, ERSST.v3 [Smith et al. 2008]

	Indonesia Index (II)
	Average SST anomaly over 120–130°E, 10°S–equator
	1854–2008
	NCAR, ERSST.v3 [Smith et al. 2008]

	Pacific Ocean

	NINO3
	Average SST anomaly over 150–90°W, 5°S–5°N
	1950–2008
	NECP – SST anomalies

http://www.cpc.ncep.noaa.gov/data/indices/sstoi.indices

	NINO4
	Average SST anomaly over 150°W–160°E, 5°S–5°N
	1950–2008
	NECP – SST anomalies

http://www.cpc.ncep.noaa.gov/data/indices/sstoi.indices

	Southern Oscillation Index (SOI)
	Anomaly of Mean Sea-Level Pressure (MSLP) difference between Tahiti and Darwin
	1876–2008
	Bureau of Meteorology

	Thermocline 
	2nd EOF of 20° Isotherm 
	1980–2008
	Bureau of Meteorology

	Southern Ocean

	Southern Annular Mode (SAM)
	MSLP difference between 40°S and 65°S
	1957–2008
	Marshall’s data from http://www.antarctica.ac.uk/met/gjma/sam.html [Marshall 2003]

	Tasman Sea Index (TSI)
	Average SST anomaly over 150–160°E, 40–30°S
	1854–2008
	NCAR, ERSST.v3 [Smith et al. 2008]


Objective 2: Application of statistical model for forecasting reservoir inflows across the MDB and assessment of forecast skill
The BJP modelling approach to seasonal streamflow forecasting was applied to assess the skill of streamflow forecasts in two contrasting catchment in the Murray–Darling Basin, the Murrumbidgee and the Goulburn. Three-month future streamflow totals were jointly forecast for three gauging stations in each catchment from the total streamflow of the preceding month and selected climate predictors. Forecasts were made for all 12 months in the year on the first of each month. The best three climatic predictors were identified using a stepwise predictor selection procedure. A total of 66 candidate climate predictors were investigated, comprising monthly values of the 11 climate indices lagged up to 6 months. The skill of forecasts was assessed using the linear error in probability space skill score (LEPSS).

Results indicate that forecasts of 3-month streamflow totals with high skill can be produced, with LEPSS greater than 25% for the majority of stations and start dates. Figure 1 illustrates the skill scores obtained for a typical site in the Murrumbidgee catchment.
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Figure 1.  LEPS skill-scores for 3-month streamflow forecasts at station 410061.
The majority of the forecast skill arises from the antecedent streamflow predictors; however, the addition of climate predictors does result in improvements in forecast skill. The selected climate predictors were found to vary with both forecast start date and location. Indicators of Pacific Ocean anomalies were found to dominate the climate predictors for the Murrumbidgee, while for the Goulburn a wide range of climate predictors were selected. Appraisal of the selected climate predictors identified that they represent both future climatic conditions and antecedent catchment conditions. This suggests that better indicators of antecedent catchment conditions are required in addition to antecedent flow predictors, if the climate predictors are to only represent the future climate influence on future streamflows.
Future work also needs to examine spatial patterns in forecast skill for single-station forecasts and assess the extent of artificial skill introduced by the predictor selection procedure.

Objective 3: Collation of gridded modelled monthly runoff data across SEACI region
Gridded monthly runoff and rainfall data have been compiled for the whole of the SEACI region. The gridded runoff data and potential streamflow predictors, identified as a part of Objective 1, provide the basis for establishing statistical models of spatially distributed runoff across the entire SEACI region.
Objective 4: Assessment of atmospheric predictors that drive modelled runoff in the SEACI region and relative importance of the atmospheric predictors and antecedent runoff, and assess seasonal forecast skill
An assessment of the variability in relationship between antecedent runoff/atmospheric predictors and rainfall/runoff has been undertaken based on knowledge and data compiled in Objectives 1 and 3, respectively. In addition to the 10 indices in Table 1, two other indices (i.e. SST1 and SST2) were considered. SST1 and SST2 are predictors used in the “Seasonal Climate Outlook” issued by the Australian Bureau of Meteorology. The analysis of rainfall is conducted for the whole Australian region while that of runoff is focused on the SEACI region. The results provide an overview of spatial coherence of best predictor(s) and stability of the relationship between the predictors and runoff throughout the time.
For winter (JJA) and spring (SON), antecedent runoff is by far the best predictor of future seasonal runoff over most of south-east Australia. The lag correlation between runoff and atmospheric predictors is also significant in spring and can improve seasonal runoff prediction with the use of antecedent runoff alone. The forecast skill for summer (DJF) is lower than in spring (SON), with antecedent runoff and atmospheric predictors having similar skill. For longer lead times, atmospheric predictors become more important relative to antecedent runoff. The relationship between antecedent runoff and runoff is relatively stable over time, but the relationship between atmospheric predictors and runoff is different in different decades and is stronger during the negative IPO phase. This has implications for the development of forecast relationships using entire historical data sets.
Objective 5:
Development of hybrid forecasting method (using statistical framework to couple statistical models and simplified physical models of the climate system)
The BJP modelling approach to streamflow forecasting (developed as a part of this project and Project 3.1.1) provides a statistical framework to produce hybrid streamflow forecasts. Forecasts of climatic indices, such as the output from POAMA, can be directly included into the set of predictors to produce hybrid streamflow forecasts.
Objective 6:
Application of hybrid forecasting method to forecast inflows across the MDB and assessment of forecast skill
A preliminary investigation into the value of including forecast predictor variables, such as the output from POAMA, was undertaken for 3-month streamflow forecasts. Rainfall is the primary climatic driver of streamflow and therefore the skill of streamflow forecasts should be enhanced considerably by including future rainfall as a predictor. While future rainfall cannot be known with certainty, the potential of forecasts of future rainfall to improve the skill of streamflow forecasts was assessed by assuming that a perfect forecast was available. To assess the potential of future rainfall as a predictor of future streamflows, observed future rainfall was included as a candidate predictor. The skill of streamflow forecasts produced using observed future rainfall as a predictor was assessed and compared to forecasts made using observed antecedent climate predictors. 
Including observed future rainfall as a predictor (in addition to antecedent streamflow predictors) increased the skill of streamflow forecasts over those made using only antecedent streamflow predictors. However, the magnitude of the increases in forecast skill varied according to the start date, with future rainfall adding little skill to forecasts that already had high skill. In addition, in the majority of months, including up to three observed antecedent climate predictors increased the skill of streamflow forecasts to levels equivalent to those which included future rainfall as a predictor. While there does not appear to be a great benefit in using forecast climate indices for forecasting streamflows 3 months ahead, there may be benefit for forecasts with longer lead times. Further investigation into the value of using forecast climate indices to predict streamflows at longer lead times is necessary.
Summary of links to other projects

This project is very closely related to the statistical seasonal streamflow forecasting project (Project 3.1.1) and related to the various seasonal climate model forecasting projects (Projects 3.1.5, 3.2.2, 3.1.3, and 3.2.7). There are also direct links to the “Seasonal and Long-Term Water Forecasting and Prediction” project being undertaken as a part of WIRADA. 
Publications arising from this project
Robertson D.E. and Wang Q.J. (2008) A preliminary investigation into the selection of predictors and skill assessment using the Bayesian joint probability (BJP) modelling approach to seasonal forecasting of streamflows. Water for a Healthy Country Flagship Report.
Wang Q.J., Robertson D.E. and Chiew F.H.S. (2008) Development and testing of a multi-site seasonal streamflow forecasting model. Water Resource Research, (accepted subject to minor revision)
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Project Milestone Reporting Table

	To be completed prior to commencing the project
	Completed at each Milestone date

	Milestone description1


	Performance indicators2


	Completion date3

	Budget4 for Milestone

($)
	Progress5

	Recommended changes to workplan6


	1. Predictor variables for seasonal streamflow forecasting 
	Report/paper on predictor variables for statistical seasonal forecasting of catchment streamflows in the MDB
	31/08/2007
	25k
	(1) A review of climate and streamflow fore​casting literature identified 11 climate indices that offer potential as predictors of seas​onal streamflows.
(2) Time series of climate indices obtained and ex​ploratory data analysis undertaken.

	

	2. Application of statistical model for forecasting reservoir inflows across the MDB and assessment of forecast skill 
	Report/paper on statistical streamflow forecasting of reservoir inflows at key locations across the MDB
	31/12/2007
	25k
	(1) The BJP approach has been developed and successfully tested on the Murrum​bidgee catchment, and papers written (see Project 3.1.1).

(2) The BJP approach has been used to select climate predictors that lead to 3-month streamflow fore​casts with the greatest skill for two catchments within the MDB. 
(3) Skill of 3-month streamflow fore​casts starting on the first day of each for three gauging stations within each catch​ment assessed using cross-validation procedure. Results documented in technical report.
	

	3. Linking of statistical downscaling method and seasonal forecasts from climate models to forecast catchment rainfall across the MDB (statistical–dynamical method)
	Complete set-up of statistical downscaling model and seasonal forecasts from climate models to forecast catchment rainfall across the MDB (statistical–dynamical method)
	30/06/2008
	40k
	(1) Gridded data of modelled monthly runoff for all of the SEACI region has been compiled 

(2) ENSO and other climatic predictor that drive the hydroclimate in the SEACI region have been compiled

(3) The combination of the gridded runoff data and the climatic predictors provides the basis for establishing statistical fore​casting models of runoff.
	The statistical downscaling method is no longer neces​sary because the multi-site fore​casting approach can directly incorp​orate the output of climate models, such as POAMA, as predictor vari​ables. Original milestone replaced with “Collation of gridded model​led monthly runoff data across SEACI region.”

	4. Application of statistical–dynamical method with hydrological model to forecast inflows across the MDB and assessment of forecast skill
	Report/paper on statistical–dynamical forecasting of reservoir inflows at key locations across the MDB
	31/12/2008
	40k
	(1) Completed a detailed assessment of atmospheric predictors that drive runoff in southeast Australia and the relative importance of atmospheric predictors and antecedent runoff for forecasting runoff several months/seasons ahead
(2) A journal paper of this research is being drafted and should be com​pleted by March 2009.
	Replace mile​stone with:

Assessment of atmospheric predictors that drive runoff in the SEACI region and relative import​ance of the atmospheric predictors and antecedent run​off, and assess seasonal fore​cast skill.

	5. Development of hybrid forecasting method (using statistical framework to couple statistical models and simplified physical models of the climate system)
	Draft report/paper on hybrid forecasting method
	31/12/2007
	40k
	(1) The BJP approach to streamflow forecasting developed as a part of this project and Project 3.1.1 provides a statistical framework to produce hybrid streamflow forecasts. Including forecasts of climatic predictor variables, such as the output from POAMA, into the statistical framework will lead to hybrid streamflow forecasts.
	

	6. Application of hybrid forecasting method to forecast inflows across the MDB and assessment of forecast skill
	Report/paper on forecasting reservoir inflows at key locations across the MDB using hybrid forecasting method
	31/12/2008
	40k
	(1) A preliminary investigation into the value of including forecast predictor variables in increasing the skill of three month streamflow forecasts was undertaken 
(2) The skill of three month streamflow forecasts made using observed future rainfall as a predictor, were of similar skill to those made using antecedent climate predictors. Therefore, as rainfall cannot be forecast perfectly using physical models, further investigation into the use of forecast predictor variables was not undertaken. 
	


