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ABSTRACT 34 

We propose a revised version of the ERRIS (error reduction and representation in stages) 35 

error model capable of reliably propagating hydrological uncertainty to long lead times (>150 36 

time steps). ERRIS employs four stages: a transformation to handle heteroscedasticity, a 37 

moving average bias-correction, an autoregressive model and two mixture Gaussian 38 

distributions. To propagate uncertainty through multiple lead times, ERRIS makes use of a 39 

technique termed ‘stochastic updating’. Ensemble spread at long lead times is partly controlled 40 

by the interplay of the autoregression coefficient   and the width of the error distribution. 41 

When   approaches 1 and the error distribution is wide, this causes over-wide ensemble 42 

distributions at long lead times. We control this interplay with the moving average bias-43 

correction, which reduces the value of   and the width of the error distribution, resulting in 44 

reliable ensembles at long lead times. An additional control on the width of the ensemble at 45 

longer lead times is a restriction applied to the autoregressive model. This restriction guards 46 

against large overcorrections, which can lead to very poor forecasts. Applying the restriction 47 

when parameters are inferred can result in over-wide residual distributions. We propose the 48 

simple expedient of applying the restriction only when forecasts are generated, not when 49 

parameters are inferred. We show through a comparison with an earlier version of ERRIS that 50 

this produces more reliable ensemble distributions at long lead times, whilst still guarding 51 

against overcorrection. The resulting error model is simple and computationally efficient, and 52 

thus suitable for deployment in operational streamflow forecasting systems. 53 

 54 
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1. Introduction 58 

A number of continental-scale medium-range streamflow forecasting systems generate 59 

ensemble predictions (Emerton et al., 2016), but few of these systems attempt to give 60 

statistically reliable predictions of gauged streamflow. The long-standing European Flood 61 

Awareness system (EFAS - operational since 2012; Thielen et al., 2009) offers a typical 62 

example. Forecast uncertainty in EFAS is quantified solely from meteorological forcings, while 63 

uncertainties in the conversion of rainfall to runoff (‘hydrological uncertainties’) are not 64 

accounted for. This issue is circumvented by presenting forecast hydrographs as deviations 65 

from a modelled ‘truth’, rather than as predictions of gauged observations (Emerton et al., 66 

2016). It is possible to generate statistically reliable predictions with this approach, provided 67 

the forcing ensemble is reliable. However, this approach is problematic for applications that 68 

require gauged streamflow: for example, many reservoir optimisation and water allocation 69 

models. 70 

Generating ensemble forecasts that reliably represent total forecast uncertainty with respect to 71 

gauged streamflow – including uncertainty in forcings and hydrological uncertainty – presents 72 

several technical difficulties. A number of methods exist to generate reliable rainfall and 73 

temperature forecasts (Cattoën et al., 2020; Schefzik, 2017; Schepen et al., 2020; Scheuerer and 74 

Hamill, 2015) so we confine our discussion of these difficulties to hydrological uncertainty. 75 

First, reliable estimates of hydrological uncertainty must account for strongly skewed and 76 

autocorrelated streamflow data, while errors may be difficult to represent with a simple 77 

Gaussian distribution (Bates and Campbell, 2001; Schaefli et al., 2007; Smith et al., 2015; 78 

Sorooshian et al., 1983). Second, hydrological uncertainty needs to be propagated through the 79 

forecast to long lead times. In general, forecast uncertainty is small at short lead times and 80 

grows with lead time. For a reliable forecast, when forecasts become unskilful at longer lead 81 

times, forecast uncertainty should stop growing, and the ensemble should approximate a 82 

climatological distribution (a property known as ‘coherence’, after Krzysztofowicz, 1999). 83 

Broadly, three approaches are able to quantify hydrological forecast uncertainty reliably. The 84 

first and most direct we will term ‘post-processing’. We define this approach by those methods 85 

that attempt to produce reliable forecasts at discrete lead times, but in doing so break the 86 

sequence of hydrographs. This class includes ‘ensemble dressing’ (Pagano et al., 2013; Verkade 87 

et al., 2017), Model Output Statistics (MOS) methods similar to those used to calibrate weather 88 

forecasts (e.g. Gneiting et al., 2005), Hydrological Uncertainty Processors (HUP; Bogner and 89 
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Pappenberger, 2011; Krzysztofowicz, 1999) and some Bayesian model averaging methods (Xu 90 

et al., 2019). While post-processing methods can be highly effective at reliably quantifying 91 

uncertainty at each lead time (Biondi and Todini, 2018), breaking the temporal sequence of 92 

hydrographs is major practical detraction. For applications that require each ensemble trace to 93 

be a hydrograph (e.g., hydropower system optimisation; Anghileri et al., 2019; Boucher and 94 

Ramos, 2019), post-processing methods are often not suitable. 95 

The second approach is Data Assimilation (DA). Broadly, DA produces a range of hydrological 96 

model states at the forecast issue time, often by perturbing observed forcings for a period 97 

immediately preceding the forecast or by directly perturbing states. The range of states is first 98 

reduced as much as possible and is then used to represent hydrological uncertainty through the 99 

forecast. (There are many DA methods available to perform these tasks, not discussed here for 100 

brevity. See reviews by Liu et al. (2012) and Moradkhani et al. (2019) on DA methods for 101 

ensemble streamflow forecasting.) Unlike ensemble dressing, DA produces ensemble forecasts 102 

in the form of hydrographs, and is theoretically able to produce reliable ensembles. In practice, 103 

however, DA methods often do not produce reliable uncertainty estimates because they either 104 

do not consider all sources of uncertainty, miss-specify the distributions of forcing data, miss-105 

specify the distributions of residuals, or some combination of these (Pathiraja et al., 2018). DA 106 

methods can also be complex and/or computationally demanding; both are serious detractions 107 

for operational forecasting systems. It is perhaps for these reasons that DA is rarely used in 108 

operational streamflow forecasting systems (Emerton et al., 2016). 109 

The third approach is error modelling. Error models are an attractive means for quantifying 110 

hydrological uncertainty in forecasts: they are relatively simple and computationally efficient, 111 

key attributes for operational systems. However, most published error models aim only to 112 

predict errors one timestep into the future (e.g. McInerney et al., 2019; Smith et al., 2015; 113 

Woldemeskel et al., 2018). It is possible to extend error models to multiple lead times using 114 

some form of recursion (Demargne et al., 2014; Seo et al., 2006), but a major challenge in doing 115 

so is ensuring reliable uncertainty quantification at very long lead times (in our case, >150 116 

hourly time steps). Error models cannot enforce statistical reliability at each lead time in the 117 

way that post-processing methods do.  118 

A recent attempt at overcoming the difficulties of error modelling to multiple lead times is the 119 

Error Reduction and Representation In Stages (ERRIS) model (Li et al., 2020; Li et al., 2017). 120 

ERRIS breaks down the various technical challenges of error modelling into four stages – 121 



 6 

heteroscedasticity, bias, autocorrelation, appropriate statistical distributions – to model errors 122 

at an hourly time step. A major achievement of ERRIS is that it can, in theory, generate reliable 123 

ensembles to long lead times while retaining the temporal sequence of each hydrograph, using 124 

a technique called ‘stochastic updating’ (Li et al., 2017; also described below in Section 2.3.4). 125 

Stochastic updating substitutes forecasts of streamflow for observations in an Autoregressive 126 

(AR) model, in a similar way to Seo et al. (2006). To make the problem of predicting errors 127 

more tractable, ERRIS corrects errors after a transformation has been applied to ensure 128 

homoscedasticity. A challenge of AR updating after transformation is handling instances of 129 

overcorrection. The transformation can amplify updates in the original domain, occasionally 130 

producing very large overcorrections. Overcorrections may not occur often, but they can 131 

produce catastrophically bad forecasts. To reduce the incidence of overcorrection, ERRIS 132 

restricts the magnitude of updates with the method proposed by Li et al. (2015) (described 133 

below in Section 2.3.1). 134 

More recently, ERRIS has been modified to function better in ephemeral rivers (Li et al., 2020), 135 

a key requirement of operational forecasting in Australia. ERRIS generally performed well, 136 

reducing errors and reliably predicting uncertainty to lead times of >5 days (Li et al., 2020). 137 

This has led to the adoption of ERRIS in the Bureau of Meteorology’s operational Ensemble 138 

Seven-Day streamflow forecasting Service (ESDS)  139 

(http://www.bom.gov.au/water/7daystreamflow/). Countering these successes, however, Li et 140 

al. (2020) reported that in four of the 29 gauges tested, ERRIS performed poorly at lead times 141 

>2-days. Li et al. (2020) concluded that this poor performance was a result of over-wide 142 

ensemble spread at long lead times. This problem occurred mainly in ephemeral catchments. 143 

In this study, we show that overzealous uncertainty propagation by ERRIS can produce poor 144 

forecasts for certain catchments (Section 5.2), notably for ephemeral rivers. The problem is 145 

exacerbated in models that feature nested gauges, in which uncertainty is propagated not only 146 

through lead times but also downstream. Semi-distributed models with multiple nested gauges 147 

underpin the ESDS service, making this a serious detraction for operational forecasts. We show 148 

with a synthetic example that poor uncertainty propagation is related to the interaction between 149 

autoregressive error modelling and the residual distribution (Section 5.1). This interaction can 150 

be controlled, in part, by the bias-correction. An additional source of overzealous error 151 

propagation is the restriction applied to the AR model, which can (paradoxically) result in 152 

wider-than-necessary error distributions at long lead times. In this study, we restructure ERRIS 153 

http://www.bom.gov.au/water/7daystreamflow/
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(Section 2.3.2) by altering the bias-correction and altering the restriction to allow reliable 154 

propagation of uncertainty. The changes allow uncertainty to be propagated to many (168 h) 155 

lead times, even in a difficult-to-model ephemeral catchment (Section 5.2). In addition, we 156 

show that the restructured ERRIS maintains good performance in a catchment where the 157 

original ERRIS functions well. 158 

2. Methods 178 

2.1. Hydrological models 179 

Hydrological models for the Brisbane and Manning River catchments are drawn from the 180 

operational ESDS service. The models are configured as semi-distributed node-link models, 181 

which divide a catchment into subareas (Fig 1). Flows are modelled at three gauges in the 182 

Brisbane River and five gauges in the Manning River (details given in Appendix A).  Rainfall 183 

and potential evaporation (PE) are calculated for each subarea and used to force the GR4H 184 

hydrological model (an hourly variant of the popular GR4J model; see Bennett et al., 2016; 185 

Perrin et al., 2003) to generate runoff. We have previously shown that GR4H outperforms 186 

comparable rainfall-runoff models for forecasting applications (Bennett et al., 2016). Runoff 187 

accumulates downstream and is routed through the river channel with Muskingum channel 188 

routing. All models are run at the hourly time step. 189 

Following current operational practice by the Bureau, GR4H and the Muskingum channel 190 

routing parameters are jointly calibrated to a hybrid deterministic objective – details are given 191 

in Appendix B.  Before each calibration, model states are warmed up by running the model 192 

from 1 January 2000 onwards. Models are calibrated for the period 1 January 2010 to 30 193 

August 2018, using a buffered leave-1-year out cross-validation, with a buffer of one year. 194 

Hydrological model parameters are then fixed, and ERRIS parameters are estimated (Section 195 

2.3.3). All three gauges in the Brisbane River catchment cease to flow at various times. 196 

ERRIS has been explicitly designed to handle ephemeral rivers (Li et al., 2020; Wang et al., 197 

2020). 198 

To generate a forecast at time t , GR4H and routing model states are warmed up by running 199 

the catchment model with observed rainfall and PE forcings from 1 January 2000 to t . A 200 

single deterministic forecast, ( ) ( ) ( ) 1 1 1 11 , , , , 168F F F Fq t q t q t= + + +q , is then 201 

generated by forcing the warmed-up catchment model with observed rainfall and PE for lead 202 
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times 1,2, ,168 =  (i.e., to 7 days). In operations, ESDS forecasts are generated from an 203 

ensemble of calibrated Numerical Weather Prediction (NWP) forecasts that reliably quantifies 204 

rainfall forecast uncertainty (Shrestha et al., 2015). Here we focus on hydrological forecast 205 

uncertainty as quantified and propagated by ERRIS. Accordingly, rainfall forecast uncertainty 206 

is ignored, and we use only ‘perfect’ rainfall forecasts to generate streamflow forecasts.  207 

2.2. Observations 208 

Streamflow, rainfall and PE observations were supplied by the Bureau of Meteorology and 209 

accord with datasets used in the ESDS service. Gauged hourly streamflow and rainfall data 210 

are collected from the Bureau’s AIFS dataset and from water management agencies. Areal 211 

rainfall averages were calculated by the Bureau for each subarea by an inverse-distance-212 

squared procedure (Bennett et al., 2016). PE data are extracted from the gridded Australian 213 

Water Availability Project (AWAP) dataset (Raupach et al., 2008). AWAP produces monthly 214 

estimates of PE. We disaggregate PE to daily values by simple linear interpolation, and then 215 

to hourly values according to insolation calculated from latitude (Allen et al., 1998). 216 

Forecasts are evaluated for the period 1 February 2010 to 31 August 2018. For calibration and 217 

forecasting, catchment model states are warmed up by running the models from 1 January 218 

2000. The Brisbane and Manning catchments do not have hourly rainfall records that precede 219 

1 January 2008. To warm models up from 2000, we use daily AWAP rainfalls that have been 220 

disaggregated to hourly rainfall by simply dividing by 24. We have shown in previous work 221 

that this technique produces robust estimates of hydrological model parameters (Bennett et 222 

al., 2016). All catchments have hourly observed rainfall data available for the period 1 223 

January 2010 to 31 August 2018. 224 

 225 



 9 

 226 

Fig 1 Delineations of catchments for semi-distributed models. 227 

 228 

2.3. ERRIS models 229 

2.3.1. Review of existing ERRIS model 230 

ERRIS divides the problem of hydrological error modelling into four stages, each of which is 231 

designed to address different aspects of hydrological model errors.  232 

The four stages in the existing ERRIS model are: 233 

• Stage 1: data transformation. To allow errors to be treated as symmetrically distributed, 234 

ERRIS applies the log-sinh transformation to simulated and observed flows: 235 

( ) ( )( )( )
1

( ( )) log sinhz t Tf q t a cq t b
b

= = +       (1) 236 

where ( )q t  is observed or simulated streamflow at time t , and a  and b  are parameters. 237 

5

max( )o

c =
q

 is a standardisation constant where max( )oq  is the maximum of the time 238 
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series of available streamflow observations. The standardisation constant allows a  and b  239 

to take comparable values across all gauges, simplifying the application of Bayesian priors 240 

for parameter estimation (Appendix C). When Eq 1 is reversed (to back-transform z  to q241 

), any values of ( ) ( )0z t Tf  (the transformed value of zero) are first forced to 242 

( ) ( )0z t Tf=  before back-transformation. 243 

• Stage 2: bias-correction. To satisfy the assumption that errors are symmetrically 244 

distributed about the hydrological model simulation, errors must be unbiased. Biases are 245 

corrected by: 246 

( ) ( )2 1z t dz t = +          (2) 247 

where ( )1z t  is the log-sinh transformed simulation from Stage 1 and d  and   are 248 

parameters. 249 

• Stage 3: autoregressive model and restriction. To reduce errors at short forecast horizons, 250 

ERRIS applies an autoregressive (AR) model: 251 

( ) ( ) ( ) ( )( )3 2 21 1oz t z t z t z t= + − − −        (3) 252 

where ( ) ( )( )1 1o oz t Tf q t− = −  is the log-sinh transformed value of observed flow and   253 

is the autoregressive coefficient parameter, which can take values between 0 and 1. The 254 

transformation (Eq 1) can amplify values of ( )3z t  to be unrealistically large after back 255 

transformation. To avoid this problem, ERRIS restricts ( )3z t  (Li et al., 2015): 256 

( )
( ) ( ) ( ) ( )( )( )( ) ( ) ( )

( ) ( ) ( ) ( )( )( )( ) ( ) ( )

3 2 2 2

3

3 2 2 2

min , 1 1 when 1 1

max , 1 1 when 1 1

o o

o o

Tf q t q t q t q t q t q t
z t

Tf q t q t q t q t q t q t

 + − − − −  −


= 
+ − − − −  −



(4) 257 

where ( ) ( )( )1

2 2q t Tf z t−=  and ( ) ( )( )1

3 3q t Tf z t−= . In other words, ERRIS limits the size 258 

of the update to the error in the original domain. 259 

• Stage 4: error distribution. Errors are described with two Gaussian mixture distributions, 260 

given by: 261 



 11 

( ) ( ) ( )

( )
( ) ( ) ( )

( )

4 3

2 2

4 ,1 4 ,2 1 1

2 2

4 ,1 4 ,2

0, , , when >q 1  
~

0, , , otherwise

R R R

D D D

z t z t t

MN p q t t
t

MN p



 


 

= +

 −



    (5) 262 

where ( )1q t  is the simulated flow before error modelling is applied. 
2 2

4 ,1 4 ,2,R R   and Rp  263 

define the Gaussian mixture distribution for errors on the rising limb of the hydrograph, and 264 

2 2

4, ,1 4, ,2,D D   and Dp define the Gaussian mixture distribution for errors on the descending 265 

limb of the hydrograph (the subscript ‘4’ denotes Stage 4). Li et al. (2016) showed that once 266 

the AR model is applied, errors are often very small, leading to a highly peaked distribution 267 

that cannot be described by a simple Gaussian distribution. Using a mixture of two Gaussian 268 

distributions overcomes this problem. For similar reasons, using separate Gaussian mixture 269 

distributions to describe errors on the rising and descending limbs of the hydrograph is 270 

necessary for hourly data. Hydrographs of hourly data are often very highly autocorrelated 271 

on the descending limb. Once an AR model is applied, these errors are distributed 272 

differently to errors on the (much less autocorrelated) rising limb of the hydrograph. Li et 273 

al. (2017) showed that applying distinct distributions to the rising and descending limbs 274 

improves the reliability of ERRIS at hourly time steps. 275 

2.3.2. Restructured ERRIS 276 

The restructured version of ERRIS also features four stages: 277 

• Stage 1: data transformation. As for Stage 1 in the existing ERRIS model (Section 2.3.1). 278 

• Stage 2: bias-correction. To improve the correction of biases, we apply a moving average 279 

bias-correction based on the bias over a preceding window: 280 

( ) ( ) ( ) ( )( )2 1 wz t z t w w= + −O 1z z        (6) 281 

where ( ) ( )
11 t

O

k t w

w z k
w

−

= −

= Oz  is the average transformed observed flow over the time 282 

window w . Similarly, ( )1 wz  is the average transformed simulated flow over the same 283 

window. w  is a parameter. The time window w  is not optimised, but rather specified 284 

beforehand. This bias correction is similar in concept to that proposed by Pagano et al. 285 

(2011) for their deterministic error correction model. Coincidentally, McInerney et al. 286 
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(2020) recently published a similar ‘dynamical’ bias-correction as part of a probabilistic 287 

error model used to predict subseasonal streamflow at the daily time step. Their method 288 

differs from Eq (6) in that it does not include the regression term w . We assess the 289 

sensitivity of the performance of the restructured ERRIS to window size by trialling 290 

windows of  240,360,720w = ; that is, 10, 15 or 30 days. We do not wish the window to 291 

be too short, as this means Stage 2 will begin to replace the function of the autoregressive 292 

model at Stage 3. 293 

• Stage 3: autoregressive modelling and restriction. We apply the same AR model as the 294 

existing ERRIS model specified in Eq (3). However, as we will show, the restriction can 295 

produce undesirably wide residual distributions at long lead times. We therefore attempt 296 

four different experiments with the restriction:  297 

i. We apply the restriction (Eq 4) as for the existing ERRIS model: the restriction is 298 

applied when inferring parameters and when generating forecasts. This example is 299 

used to show the unsuitability of the restriction in its current form. 300 

ii. We omit the restriction entirely. We will show, however, that isolated instances of 301 

overcorrection can produce disastrously poor forecasts without the restriction. 302 

iii. We do not apply the restriction when estimating parameters, but we do apply the 303 

restriction when generating forecasts. We justify this approach on the grounds that 304 

the restriction is a safeguard only for out-of-sample forecasts and interferes with the 305 

characterisation of errors in inference. As with the existing ERRIS, the restriction is 306 

applied at all lead times. 307 

iv. As with (iii) The restriction is applied only when forecasts are generated, not when 308 

parameters are inferred. In this experiment, the restriction is applied only at lead 309 

time 1. Note that with stochastic updating, only lead 1 forecasts are updated with 310 

errors taken directly from observations, as described in Section 0. 311 

• Stage 4: error distribution. As for Stage 4 in the existing ERRIS model (Section 2.3.1). 312 

2.3.3. ERRIS parameter estimation 313 

Both the existing and restructured versions of ERRIS use the same basic procedure to estimate 314 

parameters (Li et al., 2020; Li et al., 2016; Li et al., 2017). Because the ESDS service is operated 315 

in a number of ephemeral catchments (like the Brisbane River), the ERRIS estimation 316 
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procedure uses the likelihood proposed by Wang et al. (2020) to allow reliable predictions in 317 

ephemeral rivers. As for many error models, ERRIS parameters are estimated by characterising 318 

errors at one lead time in advance. The parameters are then used to generate forecasts at all lead 319 

times (to 7 days/168 hours), described below in Section 2.3.4. The parameter estimation 320 

procedure is as follows: 321 

1. Parameters are estimated at Stage 1, and these parameters are fixed before parameters 322 

at Stage 2 are estimated. 323 

2. Step 1 is repeated for each subsequent stage. 324 

At Stage 1, the transformation parameters are estimated only from observations (but applied to 325 

both simulations and observations). Stage 1 parameters are estimated using maximum a 326 

posteriori (MAP) estimation. At stages 2-4, parameters are estimated from information 327 

contained in the observations and simulations, using Maximum Likelihood Estimation (MLE). 328 

The MAP and MLE are described in Appendix C. 329 

2.3.4. Generating a forecast with ERRIS 330 

The stochastic updating method used to generate forecasts is essentially identical for both the 331 

old and restructured versions of ERRIS, and follows the method described by Li et al. (2020).  332 

The procedure is as follows. At every forecast issue time, t , we have an initialised hydrological 333 

model simulation ( )1q t  and an observation ( )oq t . We also have an uncorrected hydrological 334 

forecast ( ) ( ) ( ) 1 1 1 11 , , , , 168F F F Fq t q t q t= + + +q  for lead times 1,2, ,168 =  335 

(Section 2.1). In this study, we use ‘perfect’ weather forcings, so we only have a single 336 

realisation of 1Fq . We apply the new ERRIS model to 1Fq  as follows: 337 

1. Transform 1Fq  (Eq 1) to produce ( ) ( ) ( ) 1 1 1 11 , 2 , , 168F F F Fz t z t z t= + + +z . In the 338 

same way, ( )1q t  is transformed to produce ( )1z t  and ( )oq t  is transformed to produce 339 

( )oz t . 340 

2. Bias-correct 1Fz  according to Eq (2) (existing ERRIS) or Eq 6 (restructured ERRIS) to 341 

produce 2Fz . ( )1z t  is bias-corrected in the same way to produce ( )2z t . 342 

3. Reduce errors with the autoregressive model. For 1 = , apply Eq (3) as 343 
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( ) ( ) ( ) ( )( )3 2 2F F oz t z t z t z t  + = + + −       (7) 344 

For the existing ERRIS, the restriction (Eq 4) is also applied. For the restructured 345 

ERRIS, the restriction is applied (experiment ii) or not applied (experiments i, iii, iv), 346 

according to the four experiments described in Section 2.3.2. 347 

4. Account for ephemerality, if required. If ( )3F cz t z+  , assign a new value to 348 

( )3Fz t + :  349 

( ) ( ) ( )( )
( ) ( )

1 2

3 3 3

0

| ,

~ 0,1

F C Oz t z m s r t

r t U

 



−+ =    +

+
      (8) 350 

where 3m  and 3s  are the mean and standard deviation of the transformed simulation 351 

3z  (see Appendix C) and ( )0,1U  is a uniform distribution. This step allows >50% of 352 

the predictive uncertainty to be zero, allowing reliable ensembles to be generated even 353 

in highly ephemeral rivers (Wang et al., 2020). 354 

5. Add predictive uncertainty. Draw a single realisation of noise according to Eq (5): 355 

( ) ( ) ( )

( )
( ) ( ) ( )

( )

4 3

2 2

4 ,1 4 ,2 1 1

2 2

4 ,1 4 ,2

0, , , when >q 1  
~

0, , , otherwise

F F

R R R F F

D D D

z t z t t

MN p q t t
t

MN p

   

   
 

 

+ = + + +

 + + −
+ 



  (9) 356 

(At lead time 1 = , we define ( ) ( )1 11Fq t q t+ − = .)  357 

6. Propagate uncertainty through many lead times. For lead times 2,3, ,168 = , we no 358 

longer have an observation at the previous time step. We resolve this by substituting 359 

4Fz  from Eq (10) for oz  in Eq (8) to give: 360 

( ) ( ) ( ) ( )( )3 2 4 21 1F F F Fz t z t z t z t    + = + + + − − + −     (10) 361 

This is ‘stochastic updating’. For the existing ERRIS, the restriction (Eq 4) is applied 362 

here. For the restructured ERRIS, the restriction is applied differently to test the four 363 

experiments described in Section 2.3.2: 364 

i. Restriction is applied to all lead times, as with the existing ERRIS, using 365 

parameters that have been inferred with the restriction turned on 366 
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ii. Restriction is not applied 367 

iii. Restriction is applied to all lead times, but using ERRIS parameters that were 368 

inferred without the restriction in place 369 

iv. As for (iii), but the restriction is applied only to lead 1 forecasts. No restriction 370 

is applied to the remaining lead times. 371 

7. Apply Eq (8) and Eq (9) to ( )3Fz t + from Step 6. 372 

8. Repeat steps 6 and 7 for each   to produce the streamflow forecast ensemble member373 

( ) ( ) ( ) 4 4 4 41 ,..., , , 168F F F Fz t z t z t= + + +z .  374 

9. Convert 4Fz  to the original domain by reversing Eq (1): 375 

( )( )1

4 4max ,F F cTf z−=q z          (11) 376 

It is straightforward to generate large ensembles by repeating steps 1-9 as many times as 377 

necessary for each 1Fq . For this study Steps 1-9 are repeated 1000 times for each 1Fq  to 378 

produce a 1000-member streamflow forecast ensemble. 379 

3. Forecast verification 380 

3.1. Cross-validation scheme 381 

All forecasts are verified under a buffered leave-one-year-out cross-validation scheme, with 382 

a buffer of 1 year. This scheme is best described with an example. To attain GR4H, routing and 383 

ERRIS parameters for 2010, we omit data from 2010 and the succeeding year (2010-2011) 384 

when estimating parameters. The buffer is necessary to avoid informing the parameter 385 

estimation with rainfall from the target year (2010), which can influence observed streamflow 386 

in the subsequent year (2011) through catchment memory.  387 

3.2. Performance scores 388 

We use three well-known probabilistic performance measures. To measure error of T  389 

forecasts, we use the Continuous Ranked Probability Score: 390 

( ) ( )( )( )
2

1

1
,

T

o

t

CRPS C t x H q t x dx
T



= −

= −        (12) 391 
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where  ( ),C t  is the empirical cumulative distribution function (CDF) of the forecast 392 

ensemble at time t  and H  is the Heaviside step function. 393 

To assess reliability, we use the Probability Integral Transform (PIT), given by: 394 

( )
( )( ) ( )

( ) ( ) ( )

, 0

0,1 ,0 0

o o

o

C t q t q t
p t

U C t q t

 
= 

 =

       (13) 395 

If ( ) ( ) ( ) 1 , 2 , ,p p p T=p  is uniformly distributed, the forecasts are reliable. The treatment 396 

of PIT values at ( ) 0oq t =  in Eq (13) allows PIT values to be uniformly distributed in the 397 

presence of zero values (Wang and Robertson, 2011). We summarise the uniformity of PIT 398 

values with a version of the α-index (Renard et al., 2010): 399 

( ) ( )
1

2 T

U

t

p t p t
T


=

= −          (14) 400 

where ( )Up t  is the theoretical value of ( )p t  drawn from a uniform distribution. From Eq 401 

(14), α ranges between 1 (unreliable) and 0 (perfectly reliable).  402 

Finally, we assess the sharpness of forecasts with the average width of prediction intervals 403 

(AWPI), evaluated for the 90% interval: 404 

( ) ( )( )1 1

1

1
,0.95 ,0.05

T

t

AWPI C t C t
T

− −

=

= −       (15) 405 

where  ( )1 ,C t−
 is the inverse CDF of the forecast ensemble at time t . 406 

4. Synthetic example 407 

As we will show, the existing ERRIS model performs particularly poorly in the ephemeral 408 

Brisbane catchment. We can diagnose the behaviour of stochastic updating to many lead 409 

times with a simplified synthetic example. For this we assume a Gaussian error model with 410 

autocorrelation: 411 

( ) ( ) ( ) ( )( )

( )2

1 1

~ 0,

o oz t z t z t z t

N

 

 

= + − − − +
      (16) 412 
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where ( ) ( )o oz t Tf q=  and ( ) ( )z t Tf q=  are the log-sinh transformed (Eq 1) observed and 413 

simulated streamflow, respectively, at time t .  414 

We use stochastic updating to propagate uncertainty through a forecast issued at time t : 415 

( )
( ) ( ) ( )( )

( ) ( ) ( )( )

1

1 1 1

o

F

F

z t z t z t
z t

z t z t z t

   


     

 + + − + =
+ = 

+ + + − − + − + 

   (17) 416 

where   denotes lead time, as before. For this simplified example, we do not apply the 417 

restriction. As with ERRIS, when ( ) (0)z t Tf+  , ( )z t +  needs to be reassigned, 418 

following Eq (8): 419 

( ) ( ) ( )( )
( ) ( )

1 2

0

(0) | ,

~ 0,1

F z z Oz t Tf m s r t

r t U

 



−+ =    +

+
     (18) 420 

where 
2,z zm s  are the mean and standard deviation of z , the vector of transformed 421 

simulations. For this synthetic example we arbitrarily specify the following parameters: 422 

2

0.003

1.0

2

2

z

z

a

b

m

s

=

=

= −

=

          (19) 423 

(Remembering that ,a b  are the transformation parameters from Eq 1.) We define ‘observed’ 424 

values ( ) 1oq t =  and all ‘simulated’ values ( ) ( ) 1q t q t = + = . In other words, the underlying 425 

deterministic forecast is perfect, and there is no error in the simulation and observation when 426 

the forecast is issued. We then assess the effect of   and 2  on uncertainty propagation by 427 

trialling 428 

 

 2

0.97,0.999

0.5,1.5





=

=
         (20) 429 

We combine each   with each 2  to generate forecasts to lead times of  1,2, ,168 = . 430 

The parameters and q  values chosen all encompass values found in the Brisbane catchment, 431 

and this example is designed to illustrate the effects of stochastic updating in the case where 432 

the predictive distribution includes zeros. 433 
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5. Results 434 

5.1. Synthetic example 435 

The synthetic example illustrates how the autoregressive model and the residual distribution 436 

interact to propagate uncertainty in the presence of zero values (Fig 2). Key characteristics of 437 

uncertainty propagation can be observed in the ensemble mean, which indicates changes in the 438 

width of the ensemble when the ensemble is bounded at the lower edge by zero. When   and 439 

2  are small ( )20.97,  0.5 = =  uncertainty grows to lead ~50, and then plateaus (Fig 2a). 440 

The ensemble mean is slightly larger than the observations at longer lead times, even though 441 

the underlying forecast is perfect. This is a result of the skewed distribution of streamflow, as 442 

well as the presence of zero values. Because of the zero bound, uncertainty can only grow in 443 

one direction (upward). Even though the probability of zero values is correct at each lead time 444 

(Eq 18), this is not enough to prevent large values in the ensemble from shifting the ensemble 445 

mean above the observations. When   is small but 2  is large ( )20.97,  1.5 = = , the 446 

ensemble mean becomes further separated from observations at long lead times (Fig 2b). 447 

However, the pattern of growth in uncertainty is similar: uncertainty grows to lead ~50, and 448 

then plateaus. When   is large ( )0.999 = , however, uncertainty continues to grow 449 

 450 
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 451 

Fig 2 Synthetic example showing sensitivity of uncertainty growth in stochastic updating 452 

to the autoregression coefficient   and the variance of the gaussian error distribution 2 . (a) 453 

shows 
20.97, 0.5 = = , (b) shows 

20.97, 1.5 = = , (c) shows 
20.999, 0.5 = =  and (d) 454 

shows 
20.999, 1.5 = = . Note different scales of vertical axes in each panel. 455 

 456 

throughout the forecast, irrespective of  the value of 2  (Fig 2c,d). When both   and 2  are 457 

large ( )20.999,  1.5 = = , uncertainty grows rapidly throughout the forecast, leading to very 458 

large bias in the ensemble mean at long lead times (Fig 2d).  459 

Thus,   plays a key role in the temporal characteristics of uncertainty propagation. As 460 

noted in the introduction, for forecasts to be reliable, uncertainty must cease growing when skill 461 

is absent. This is unlikely to occur when   is very large.  462 

5.2. Forecasts 463 

5.2.1. Parameters 464 

The existing ERRIS model can produce extremely high   values, as demonstrated for the 465 

Brisbane catchment (Fig 3a). This is driven in large part because the autoregressive model is 466 
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being forced to act as a bias-correction, and not as a predictor of random errors. To illustrate 467 

the role of the bias-correction, we show a timeseries of transformed and bias-corrected 468 

streamflow simulations ( 2z  from Eq 2 and Eq 6 for the existing and restructure ERRIS, 469 

respectively) in the Brisbane catchment (Fig 4). 2z  is used to estimate  . In this example we 470 

wish to show the performance of the existing model under idealised conditions, so the 471 

simulations are not cross-validated. In the Brisbane catchment, 2012 was a moderately wet year; 472 

in the existing ERRIS model this leads to underestimations of streamflow, notably between 473 

Aug and Sep. In the restructured ERRIS, the bias-correction is effective irrespective of the year 474 

or season. This frees up the autoregressive model to predict random (rather than systematic) 475 

errors. As a result, the very high values of  are largely avoided (Fig 3a). Note that this also 476 

holds true for the Manning catchment, shown in the Supplementary Fig S 1. 477 

Values of  in the restructured ERRIS model can also be controlled by the size of the bias-478 

correction window, w . The smaller the window w , the more the bias-correction supplants the 479 

function of the autoregressive model, thereby reducing values of   (Supplementary Fig S 2). 480 

In practice we do not wish to reduce   too greatly, as this can cause uncertainty to grow too 481 

slowly. We discuss the choice of w  in more detail in Section 5.2.2 and Section 6. 482 

 483 

 484 

 485 

Fig 3 Change in parameter values from existing ERRIS (horizontal axis) to restructured 486 

ERRIS with 240w =  with the restriction turned on (blue points) and off (red points) for all 487 

gauges in the Brisbane catchment. (a) autoregressive coefficient (note transformed axes to 488 

highlight the range of interest), (b) the Dp  weighted average of descending limb standard 489 

deviations and (c) the Rp  weighted average of rising limb standard deviations.  490 

 491 
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The presence of the restriction also influences   values, but not in a consistent manner. in 492 

the Brisbane catchment, when the restriction is turned on and the moving average bias-493 

correction is applied,   values tend to be somewhat higher than when the restriction is removed 494 

(Fig 3a). However, the reverse is true in the Manning catchment (Supplementary Fig S 1), 495 

showing that   is more strongly controlled by the bias-correction than the restriction. 496 

Both the bias-correction and the restriction affect the width of the residual distributions on the 497 

rising limb of hydrographs. However, the moving average bias-correction results in markedly 498 

lower errors on the rising limb, resulting in a much narrower residual distribution in the 499 

restructured ERRIS (Fig 3c). Removing the restriction (Eq 4) when inferring parameters also 500 

contributes to the narrower residual distributions for the rising limb. In both the existing and 501 

restructured ERRIS models, the restriction sometimes reduces legitimately large corrections; 502 

this can result in large errors that must then be encompassed by the residual distribution. 503 

Conversely, neither the bias-correction nor the restriction have strong effects on the residual 504 

distributions on the descending limb of the hydrograph (Fig 3b). Descending limbs tend to be 505 

highly autocorrelated, so the reduced   values in the restructured ERRIS tend to slightly 506 

increase errors on the descending limb, as reflected in slightly wider residual distributions 507 

shown in Fig 3b. Because the errors on the rising limb are much larger than on the descending 508 

limb, the residual distribution of the rising limb has a much greater effect on uncertainty 509 

propagation than that of the descending limb. 510 

 511 

 512 

Fig 4 Example time series of GR4H simulations after transformation and bias-correction 513 

for Brisbane catchment gauge 540141 for 2012. Traces show 2z  from the existing ERRIS 514 

(blue) and restructured ERRIS (orange, with 240w = ) compared to transformed observations. 515 

(Note that (i) the autoregressive model has not been applied to either simulation and (ii) 516 

parameters are not cross validated – see text for explanation.) 517 

 518 
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5.2.2. Performance scores 519 

Reducing the value of   and the width of the distribution of the rising limb can dramatically 520 

reduce the width of the ensemble at long lead times, as foreshadowed by the synthetic example 521 

(Section 5.1). We illustrate an extreme example of this with a forecast issued on 21 July 2012 522 

for the downstream gauge in the Brisbane catchment (gauge 540139) in Fig 5. With the existing 523 

ERRIS model, the uncertainty in this forecast grows extremely rapidly, even though only a 524 

small amount of rainfall falls during the forecast period (Fig 5a). By day 7, the ensemble mean 525 

is ~5000 m3/s, a disastrously poor forecast for an observation of ~10 m3/s. Changing to a 526 

moving average bias-correction substantially improves the forecast, even when the restriction 527 

is applied in parameter estimation (Fig 5b). However, retaining the restriction in parameter 528 

estimation still produces uncertainty estimates that are far too wide at long lead times. When 529 

the restriction is removed from the parameter estimation process (Fig 5c-e), forecasts for this 530 

period are sharp and accurate. Crucially, uncertainty does not continue to grow after ~48 h. This 531 

is true whether the restriction is applied in generation (Fig 5d-e) or not (Fig 5c). As we will 532 

show with reference to Fig 7 below, the conclusions we have drawn from Fig 5 generally hold 533 

true when all forecasts are assessed: applying the moving-average bias-correction and removing 534 

the restriction during parameter estimation can dramatically improve reliability, accuracy and 535 

sharpness. This is irrespective of whether a restriction is applied in the forecast generation 536 

process or not. This raises an obvious question: if the restriction is deleterious in parameter 537 

estimation, and makes little difference if applied only in forecast generation, why include it at 538 

all? 539 
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 540 

Fig 5 Example forecast of the Brisbane catchment gauge 540139 for the existing ERRIS 541 

(a) and ERRIS with the moving average bias-correction applied (for 240w = ) when (b) the 542 

restriction is applied during parameter estimation and forecast generation, (c) no restriction is 543 

applied (d) the restriction is not applied in parameter estimation, but is applied in generation 544 

to all lead times and (e) as for (d), but the restriction is only applied at lead 1. Right axes 545 

showing rainfalls are inverted. Note difference in vertical axes scales between panels. 546 

To answer this question, we present an example forecast of a large flood in the Brisbane 547 

catchment (gauge 540139) in Fig 6. The existing ERRIS model does a good job of predicting 548 

the timing and magnitude of this flood peak (Fig 6a), even though uncertainty at longer lead 549 

times is too wide (as with Fig 5a). When we apply the moving average bias-correction, and 550 

include the restriction in both parameter inference and in forecast generation (Fig 6b) the 551 

forecast again accurately predicts the timing and magnitude of the peak, while the forecast is 552 

sharper at longer lead times. However, when we apply the moving average bias-correction but 553 

remove the restriction entirely (Fig 6c), the forecast is very poor: the peak is underestimated by 554 

more than an order of magnitude. This occurs because the underlying GR4H hydrological 555 
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model over-predicts the rise in the hydrograph, and the bias-correction is not able to correct this 556 

down enough. As a consequence, the AR model applies a very strong downward correction, 557 

which is amplified by the transformation. This is a highly unusual set of circumstances: it occurs 558 

only for this flood event, and only for shorter lead times (<48 h). The flaw is not present in the 559 

Manning catchment. Applying the restriction in generation at all lead times (Fig 6d) resolves 560 

this problem: the forecast is sharp and accurate. Applying the restriction in generation at lead 1 561 

only is somewhat less successful (Fig 6e), resulting in an underestimate of the flood peak; 562 

however, this forecast is still far better than when the restriction is removed entirely (Fig 6c). 563 

 564 

Fig 6 Example forecast of a large flood in the Brisbane catchment gauge 540139 for the 565 

existing ERRIS (a), and ERRIS with the moving average bias-correction applied (for 240w =566 

) when (b) the restriction is applied during parameter estimation and forecast generation, (c) 567 

no restriction is applied (d) the restriction is not applied in parameter estimation, but is 568 

applied in generation to all lead times and (e) as for (d), but the restriction is only applied at 569 

lead 1. Right axes showing rainfalls are inverted. Note difference in vertical axes scales 570 

between panels. 571 

 572 
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While the problem shown in Fig 6c occurs very rarely, it is an unacceptable failure for a 573 

system that is expected to inform flood warning. It is therefore clear that some form of the 574 

restriction is required. To decide on which form of the restriction we should apply, we 575 

summarise overall forecast performance for the Brisbane gauge 540139 in Fig 7 (left column). 576 

As foreshadowed by Fig 5, overzealous propagation of uncertainty by the existing ERRIS 577 

model produces very large CRPS values. Similarly, reliability declines markedly with lead time 578 

in the existing ERRIS model. It follows that sharpness is very poor for the existing ERRIS 579 

model at long lead times. Using the moving average bias-correction improves these problems, 580 

but when the restriction is applied in parameter estimation, forecasts are still unreliable (too 581 

wide) at longer lead times. Applying the restriction only in forecast generation improves errors, 582 

reliability and sharpness at most lead times. An exception is reliability at short lead times 583 

(<24 h), where the restructured ERRIS models produce somewhat worse reliability than the 584 

existing ERRIS. This is unusual, and does not occur at any other gauge we trialled 585 

(Supplementary Fig S 3, Fig S 4). We discuss the causes of this issue, and possible solutions, 586 

in Section 6. After lead times of 24 h, however, reliability of the best restructured ERRIS 587 

models improves markedly over the existing ERRIS, approximating a climatological 588 

distribution at long lead times. 589 

The improvements yielded by using the moving average bias-correction and removing the 590 

restriction during parameter inference are most marked at Brisbane 540139 gauge because this 591 

is farthest downstream, and thus aggregates uncertainties from upstream gauges, but these 592 

changes correct faults in uncertainty propagation at all gauges in the Brisbane catchment 593 

(Supplementary Fig S 3). In the Manning catchment, where the existing ERRIS model performs 594 

strongly, all ERRIS models perform similarly, with similar errors and reliability at all lead 595 

times. This holds for both the outlet gauge (Fig 7, right column) and other gauges 596 

(Supplementary Fig S 4). For restructured ERRIS, when the restriction is applied only at lead 597 

1 forecasts tend to be less sharp than when the restriction is applied at all lead times. This 598 

detraction is offset by improved reliability at longer lead times in 6 of the 8 gauges trialled in 599 

this study (Supplementary Fig S 3 and Fig S 4). From this we can conclude that using the 600 

moving average bias-correction and applying the restriction only in generation produce the best 601 

forecasts when we consider both the Brisbane and Manning catchments.  602 
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 603 

Fig 7 Summary of performance with lead time of outlet gauges of the Brisbane (gauge 604 

540139; left column) and Manning (gauge 60129, right column) catchments. Upper row 605 

shows forecast error, mid row shows reliability, lower panel shows sharpness. Blue shows 606 

existing ERRIS model, colours show restructured ERRIS with the moving average bias 607 

correction ( 240w = ) with the restriction applied in inference and generation (yellow), the 608 

restriction applied only in generation for all lead times (purple) and the restriction applied 609 

only in generation at lead 1 (green). Confidence intervals are generated by bootstrapping with 610 

500 repeats. 611 

To determine whether to apply the restriction at all lead times or only at lead 1, we consider 612 

the reliability of forecasts that have been aggregated to daily time steps, presented as PIT-613 

uniform probability plots (Fig 8). Daily time steps are often of key importance to water 614 

managers, as many decision support models run at daily time steps. Reliability is of particular 615 

interest at the daily time step as reliability at individual lead times does not guarantee reliability 616 

of aggregated forecasts (Demargne et al., 2014). (Note that errors scores and sharpness at the 617 

daily time step, omitted for brevity, essentially reflect the results presented for the hourly time 618 

step.) As with the hourly time step, in the Manning River the restructured versions of ERRIS 619 

differ little from the existing ERRIS, with all showing generally reliable forecasts at the daily 620 

time step (Fig 8, bottom row). In the Brisbane catchment, the restructured versions of ERRIS 621 

show much better reliability than the existing ERRIS at longer lead times (Fig 8, top row). The 622 

restructured ERRIS with the restriction applied at only lead 1 performs better than when the 623 

restriction is applied all lead times. The differences may appear slight, but at the longest lead 624 
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time (day 7) many more PIT values equal zero when the restriction is applied at all lead times. 625 

These points imply that the observation fell below the entire ensemble, a significant fault in an 626 

ensemble forecast (and one largely absent from the existing ERRIS model). This occurs because 627 

uncertainty does not grow enough due to the restriction persisting throughout the forecast. 628 

Reliability is the primary concern when verifying ensemble forecasts (Gneiting et al., 2007), 629 

and therefore we conclude that applying the restriction only at lead 1 is the most appropriate 630 

choice, even if it leads to some underestimation of the flood peak presented in Fig 6. 631 

Now that we have finalised our preferred structure, we may comment on the change in 632 

window size, w , used in the moving average bias-correction (Fig 9). The performance of the 633 

restructured ERRIS model is largely insensitive to changes in w , with all the window sizes 634 

trialled showing similar performance to the others in terms of errors and reliability. The shortest 635 

window trialled - 240w = - tends to produce sharper forecasts than the larger windows in the 636 

two catchments presented here.  637 

 638 

Fig 8 PIT-uniform probability plots for forecasts aggregated to daily time steps for three 639 

lead times (columns, l-r: day 1, day 4 and day 7). Rows show downstream gauges for the 640 

Brisbane catchment (top) and Manning catchment (bottom). Colours show existing ERRIS 641 

model (blue), ERRIS with the moving average bias-correction and restriction applied to all 642 

lead-times (red), and ERRIS with the moving average bias-correction and restriction applied 643 

only at lead 1 (yellow). 644 

 645 
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 646 

Fig 9 Sensitivity of ERRIS with the moving average bias-correction and the restriction 647 

applied at lead 1 to changes in the window w .  Left column shows the Brisbane gauge 648 

540139 and right column shows Manning gauge 60129. Upper row shows forecast error, mid 649 

row shows reliability, lower panel shows sharpness. Colours show different w . Confidence 650 

intervals are generated by bootstrapping with 500 repeats. 651 

 652 

6. Discussion 653 

The mechanism of stochastic updating in ERRIS is conceptually simple: it assumes that lag-1 654 

autocorrelation in error (Stage 3) and the residual distribution (Stage 4) hold at all lead times. 655 

By substituting the realisation 4Fz  for the observation oz  for lead times 1   (Eq 10), 656 

stochastic updating allows i) the influence of the error at the forecast issue time to decay as lead 657 

time increases, ii) uncertainty to grow with forecast lead time and iii) the uncertainty to stop 658 

growing when the influence of the error at the forecast issue time becomes negligible. These 659 

characteristics are only possible if the autoregressive component of the model describes 660 

stochastic errors rather than systematic errors (i.e., bias). In short, stochastic updating is 661 

effective only when the underlying assumption of unbiased simulations is satisfied. If the bias-662 

correction at Stage 2 is ineffective, the autoregressive stage of ERRIS tends to act a bias-663 

correction, and the autocorrelation coefficient   approaches 1. A related problem is that bias 664 

often shows strong temporal patterns, varying both seasonally and/or interannually, as shown 665 
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in Fig 4. This means that applying a simple ‘global’ bias-correction will result in seasonal and 666 

interannual biases, and consequently poor performance in uncertainty propagation, even if the 667 

simulations are unbiased overall (Liu et al., 2020). In addition, it is possible that under strict 668 

cross-validation, forecasts are biased overall (Li et al., 2020).  669 

We show that the moving average bias-correction introduced in this paper enforces the 670 

assumption of unbiased simulations across seasons and years, lowering the autoregression 671 

parameter  . This results in slightly wider residual distributions on the descending limb of 672 

hydrographs, but substantially reduces the width of the residual distribution on the rising limb. 673 

In combination, these characteristics can dramatically improve the propagation of uncertainty 674 

through the forecast. These improvements can be seen at long lead times at both the daily and 675 

hourly time step. 676 

We show that the Li et al. (2015)’s restriction is still required to avoid occasional, but 677 

catastrophic, over-correction of forecasts by the autoregressive component of ERRIS. This is a 678 

crucial consideration when applying autoregressive error models to transformed data to long 679 

lead times. In our restructured ERRIS, we apply the restriction only when forecasts are 680 

generated, not when parameters are inferred. This not only delivers better performance than 681 

when the restriction is applied in parameter inference and generation, we also believe it is 682 

theoretically preferable. ERRIS relies on maximum likelihood for parameter inference, which 683 

assumes symmetrically distributed residuals. The restriction is often not applied evenly: 684 

upwards corrections tend to be restricted more frequently than downwards corrections. This 685 

means that the assumption of symmetry in residuals may not hold, possibly leading to sub-686 

optimal parameter inference. It does mean, however, that the process of forecast generation is 687 

no longer strictly consistent with parameter inference. For this reason, we recommend that the 688 

restriction be applied at the first lead time only. This limits the effect of the restriction on 689 

forecast reliability at longer lead times, generally producing more reliable predictions. 690 

The restructured ERRIS model does not always improve reliability at short lead times 691 

(<24 h), as shown for the Brisbane River gauge 540139 in Fig 7. At this particular gauge, this 692 

is a result of negative bias at shorter lead times. GR4H tends to be positively biased at low flow 693 

(as result of the calibration objective), causing a downward bias-correction. This correction 694 

persists through the forecast, while the compensating autoregressive update wears off quickly. 695 

As lead times increase beyond 24 h, the effects of the bias-correction and updating are 696 

overwhelmed by the propagation of uncertainty. This could be improved by choosing a different 697 
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hydrological model calibration objective that encouraged better simulations at low flow (e.g., 698 

maximum likelihood objectives). However, such an objective is likely to reduce hydrological 699 

model performance at higher flows. Ultimately, we believe the slight reductions in reliability 700 

that can occur at short lead times with the restructured ERRIS are greatly outweighed by 701 

improvements at longer lead times. This is because 1) forecasts at short lead times at gauge 702 

540139 are still reasonably reliable and 2) forecast reliability at short lead times often has less 703 

impact on the usefulness of forecasts. Forecasts at short lead times are highly accurate and thus 704 

sharp. Slight misspecifications in the distribution of the ensemble can therefore be strongly 705 

evident in PIT values, even though the errors at short lead times are very small. 706 

In the restructured ERRIS, we recommend that the choice of window size w  not be too small 707 

(following, e.g., Xu et al., 2019), in order to ensure that the functions of the bias-correction and 708 

the autoregressive model remain distinct. We recommend that the w  should be at least as long 709 

as the forecast horizon (in this case, 168 h). Choosing a window length similar to the forecast 710 

horizon also reflects the recommendation of McInerney et al. (2020), who applied a similar idea 711 

in the context of subseasonal forecasting at the daily time step. This is because the bias-712 

correction is applied for the entire forecast; bias-corrections based on shorter windows may be 713 

too heavily influenced by isolated large events, and thus no longer appropriate at long lead 714 

times. Beyond this, we recommend that the exact choice of w  be guided by forecast reliability. 715 

In our study, the three window sizes trialled ( )240,  360,  720 hw =  did not show marked 716 

differences in reliability, illustrating that the model is not highly sensitive to w . As 240w =  717 

resulted in slightly sharper forecasts at a number of gauges, we recommend this window size 718 

for these catchments. We note, however, that catchments with different hydrological 719 

characteristics may perform better with longer (or even slightly shorter) windows. 720 

We have demonstrated that the restructured ERRIS can produce reliable ensembles to long 721 

lead times even for nested gauges. ERRIS achieves this despite not considering any spatial 722 

correlation in our residual distributions. We contend this is theoretically justified because the 723 

use of a bias-correction and autoregressive modelling allow the distribution to model (spatially) 724 

independent random errors. However, we concede that this assumption may not hold in some 725 

catchments: errors may not be spatially independent. This points to possible future development 726 

of ERRIS, where residual distributions at different gauges are estimated jointly, with a term 727 

describing spatial correlation. 728 

 729 
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7. Summary and conclusions 730 

We have shown that it is possible to reliably propagate uncertainty both downstream and to 731 

long lead times with stochastic updating in the ERRIS (Error Reduction and Representation in 732 

Stages) model. This is possible only when transformed streamflows are unbiased. We introduce 733 

a moving average bias-correction that effectively corrects bias, including seasonal and 734 

interannual biases. This allows the autoregressive model and the residual distribution 735 

components of ERRIS to interact through stochastic updating to reliably propagate uncertainty 736 

to many lead times (>150 time steps). This is possible even in difficult-to-model catchments, 737 

such as ephemeral rivers. 738 

ERRIS models errors in the transformed domain, and in rare instances corrections applied by 739 

ERRIS’s autoregressive component can be dramatically magnified by the transformation, 740 

resulting in very unrealistic forecasts. To guard against such overcorrections, we apply a 741 

restriction when forecasts are generated, but not when ERRIS parameters are inferred. This 742 

restriction effectively reduces catastrophic overcorrections, but still allows reliable propagation 743 

of uncertainty. 744 

The benefits of producing reliable ensemble forecasts of gauged streamflows at multiple gauges 745 

are many. Reliable ensembles from different gauges can be ingested directly into decision 746 

support models, such as water allocation models or reservoir optimisation models, without any 747 

bias-correction or processing. This could allow, for example, predicting the effects of 748 

simultaneous flooding in multiple tributaries on hydropower production. Each ensemble trace 749 

can be accumulated to daily or weekly streamflow volumes, enabling water allocation decisions 750 

to be made at a range of time scales. Meaningful probabilities can be assigned to events at long 751 

lead times, allowing ensemble predictions to be used, for example, to forewarn of floods at 752 

longer lead times. 753 

The restructured ERRIS model presented in this study is relatively simple and highly 754 

computationally efficient, making it suitable for operational forecasting systems.  755 
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 Gauge information 913 

Gauge 

ID 

Catchment 

model Gauge Name Lat Lon 

Drainage 

area (km2) 

U/S 

gauges 

540141 Brisbane Emu Creek at Boat Mountain -26.98 152.29 928 No 

540146 Brisbane Cooyar Creek at Damsite -26.74 152.14 956 No 

540139 Brisbane Brisbane River at Gregors Creek -26.99 152.41 3,875 Yes 

560001 Manning Barrington River at Forbsdale -32.04 151.87 628 No 

560006 Manning Gloucester River at Doon Ayre -31.90 152.10 1,634 Yes 

60118 Manning Nowendoc River at Rocks Crossing -31.77 152.08 1,860 No 

60137 Manning Barnard River at Mackay -31.77 151.90 1,817 No 

60129 Manning Manning River at Killawarra -31.92 152.31 6,655 Yes 

 914 

 915 
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 Hydrological model calibration 916 

Hydrological models - GR4H and routing - are calibrated jointly by maximising the objective 917 

(log)

3

NS NS biasObj Obj Obj
Obj

+ +
= ,        (A1) 918 

where 919 

( ) ( )( )
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2

11

2

1
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ot
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o ot

q t q t
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q t
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 q
        (A2) 920 

is the Nash-Sutcliffe Efficiency (NS) for observed flow ( ) ( ) ( ) 1 , 2 , ,o o o oq q q n=q  and 921 

simulated flow ( ) ( ) ( ) 1 1 1 11 , 2 , ,q q q n=q , 922 
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 q

     923 

 (A3) 924 

is the NS of log flows, with   set as a very small number to ensure (log)NSObj  is always 925 

defined. (log)NSObj  targets low streamflow. The final component is a bias term 926 

2

1

1

1 max , 1o
bias

o

Obj
  

= − −  
   

qq

q q
        (A4) 927 

Obj ranges from −  and 1, where 1 is best.  928 

The calibration procedure is as follows: 929 

1) GR4H and Muskingum routing models are jointly calibrated to a headwater gauge. All 930 

subareas/links that contribute to the drainage area of this gauge use a single set of 931 

parameters. 932 

2) ERRIS is calibrated to the headwater gauge used in Step 1. 933 

3) Steps 1 & 2 are repeated for each headwater gauge. All the parameters obtained by 934 

calibration are fixed. 935 

4) Observed flows are inserted into each headwater gauge. If observations are not 936 

available, error-corrected simulations generated with parameters obtained by Step 3 937 

are inserted into the headwater gauge. 938 

5) The next-most downstream gauge is then used for calibration. Parameters are 939 

calibrated for subareas/links that are within the subcatchment of this gauge but for 940 

which parameters have not already been calibrated at Step 3. 941 

6) ERRIS is calibrated for the gauge used in Step 5. 942 



 39 

7) Steps 4 to 6 are repeated for all gauges, moving progressively downstream with each 943 

iteration. 944 
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 ERRIS parameter estimation 945 

Parameters for each of the four stages ERRIS are estimated by Maximum Likelihood in 946 

sequence: once parameters for the first stage are estimated, they are fixed, and then used to 947 

estimate the second stage, and so on. Parameters are estimated for predictions at lead 1. These 948 

parameters are then used for all lead times.  949 

C.1 Stage 1: data transformation 950 

To estimate transformation parameters (Eq 1), we assume that transformed observations 951 

( )o oz Tf q=  follow a normal distribution: 952 

( )2~ ,o o oz N m s          (C1) 953 

From Eq (1) and Eq (C1), the parameters to be estimated at Stage 1 for both the old and new 954 

versions of ERRIS are 
2, , ,o oa b m s . To ease inference, we reparameterise these to 955 

( ) ( ) ( ) 1 log , log , / , logo oa b m s a = . For 1,2, ,t n=  simulations, the likelihood is given by: 956 

( ) ( ) ( ) ( ) ( )( )2

1 1 ,
o o

o o oz t cq t

t

L p J N z t m s 
→

        (C2) 957 

where ( ) ( )o oz t cq t
J

→  is the Jacobian  958 

( ) ( ) ( )( )coth
o o

oz t cq t
J a bcq t

→
= +        (C3) 959 

with a standardization constant ( )5 / max oc = q , and ( )1p   is a prior 960 

( ) ( )( ) ( ) ( )( ) ( )( )1 log / log logo o op p a p m s p s p b  ,    (C4) 961 

where 962 

( )( ) ( )log 1, log 0p a a  ,        (C5) 963 

( )/ 1o op m s  ,         (C6) 964 

( )( )log 1op s           965 

 (C7) 966 

and 967 
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( )( ) ( )2log ~ 0,1p b N .        (C8) 968 

The priors in equations (C5)-(C7) are uninformative. The prior on ( )log b  (Eq C8) encourages 969 

values closer to zero, which in our experience is a good starting point. If the datum at time t  is 970 

a censored value (i.e., ( ) 0oq t = ), the term 
( ) ( ) ( )( )2,

o o
o o oz t cq t

J N z t m s
→

 in Eq (B2) is replaced 971 

with the normal cumulative probability ( )2,c o oz m s , where ( )0cz Tf=  is the log-sinh 972 

transformed value of zero. Only a  and b  are required for subsequent stages; om  and 
2

os  are 973 

discarded.  974 

C.2 Stage 2 and Stage 3 975 

For both Stage 2 and Stage 3 we assume that transformed residuals follow a normal 976 

distribution: 977 

( ) ( ) ( )

( ) ( )2~ 0,

o N

N

z t z t t

t N



 

= +
         (C9) 978 

where ( ) ( )( )N Nz t Tf q t=  is the transformed hydrological model simulation at Stage 979 

2,3N = . 980 

Following Wang et al. (2020), the likelihood handles four cases, depending on whether the 981 

simulation and/or observation are equal to zero: 982 

• ( ) ( )11: 0 and 0o Ncase q t q t−=    983 

( ) ( ) ( )( ) ( ) ( )( )2

1 1| | ,N o N o N Np q t q t q t N z t z t − −=       (C10) 984 

• ( ) ( )12 : 0 and 0o Ncase q t q t−= =    985 

( ) ( ) ( )( ) ( )( )2

1 10 ,N o N c N Np q t q t q t z z t − −= =      (C11) 986 

• ( ) ( )13: 0 and 0o Ncase q t q t−=  =   987 
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• ( ) ( )14 : 0 and 0o Ncase q t q t−= = =  990 
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           (C13) 992 

1Nm −  and 1Ns −  are the mean and standard deviation of ( ) ( ) ( ) 1 1 1 11 , 2 , ,N N N Nz z z T− − − −=z , 993 

and   is the normal cumulative probability. 1Nm −  and 1Ns −  are estimated using the likelihood 994 

in Eq (C2), except that simulations are substituted for observations in Eq (C1), and the values 995 

of a  and b  are fixed to the values estimated at Stage 1.  996 

We denote the set of parameters estimated at Stage 2,3N =   by  2 2 2

1 1 ,  , ,N NV N N Nm s  − −=997 

, where NV  are the parameters for the  versions of ERRIS (‘old’ denotes the existing version, 998 

‘new’ the restructured versions), given by  2 ,old d = , ( )2 arctanhnew w =  and 999 

( )3 3,  arctanhold new   = = . The arctanh transformations applied to the restructured ERRIS allow 1000 

more efficient estimation of these parameters. The likelihood is given by: 1001 

( ) ( ) ( ) ( )( ) ( ) ( ) ( )( ) ( ) ( ) ( )( ) ( ) ( ) ( )( )1 1 1 1

: 1 : 2 : 3 : 4

| 0 0 0 0N N o N N o N N o N N o N

t case t case t case t case

L p q t q t q t p q t q t q t p q t q t q t p q t q t q t − − − −

= = = =

 = = = = = = = =   
 1002 

            (C14) 1003 

where the cases are described by equations (C10)-(C13). 2

1 1,N Nm s− −
 and 2

N  are not needed in 1004 

subsequent stages and are discarded. Note that Eq (C13) requires a Monte Carlo integration, as 1005 

detailed by Wang et al. (2020). 1006 
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C.3 Stage 4: residual distribution 1007 

For Stage 4, we assume that residuals follow two mixture normal distributions, following Eq 1008 

(4): 1009 

( ) ( ) ( )

( )
( ) ( ) ( )
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= +

 −



      (C15) 1010 

where ( ) ( )( )4 4z t Tf q t=  is the transformed hydrological model simulations at Stage 4. 1011 

As with Stage 2 and 3, we have four cases to consider. We will describe these cases only for 1012 

the parameters that apply to the rising limb of the hydrograph (i.e. when ( ) ( )1 1>q 1q t t − ); these 1013 

cases are simply repeated for the descending limb. We designate simulations of the rising limb, 1014 

and the corresponding residual parameters, with the subscript R . The four cases are: 1015 

• ( ) ( )31: 0 and 0o Rcase q t q t=    1016 

( ) ( ) ( )( ) ( ) ( )( ) ( ) ( ) ( )( )2 2

4 3 3 4 ,1 3 4 ,2| , 1 | ,R o R o R R R o R Rp q t q t q t p N z t z t p N z t z t =  + −   (C16) 1017 

• ( ) ( )32 : 0 and 0o Rcase q t q t= =    1018 

( ) ( ) ( )( ) ( )( ) ( ) ( )( )2 2

4 3 3 4 ,1 3 4 ,20 , 1 ,R o R R c R R R c R Rp q t q t q t p z z t p z z t = =   + −    (C17) 1019 

• ( ) ( )33 : 0 and 0o Rcase q t q t=  =   1020 
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            (C18) 1022 

• ( ) ( )34 : 0 and 0o Rcase q t q t= = =   1023 

( ) ( ) ( )( ) ( )( ) ( ) ( )( )2 2

4 3 3 4 ,1 3 4 ,2 30 0 , 1 ,R o R R c R R R c R R R cp q t q t q t E p z z t z z t z z   = = =   + −  
  

1024 

           (C19) 1025 
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As with Eq (C13), the expected value in Eq (C19) must be computed using Monte Carlo 1026 

sampling of 
3Rz  below the censoring threshold 

cz . These likelihoods are also applied to 1027 

simulations that are descending (i.e., when ( ) ( )1 1q 1q t t − ), with descending simulations and 1028 

corresponding parameters designated with the subscript D  (as in Eq 5 and Eq 9). 1029 

Finally, the likelihood for Stage 4 is identical to Eq (C14), except we substitute equations 1030 

(C16)-(C19) for the four cases: 1031 

( ) ( ) ( ) ( )( ) ( ) ( ) ( )( ) ( ) ( ) ( )( ) ( ) ( ) ( )( )4 4 3 4 3 4 3 4 3

: 1 : 2 : 3 : 4

| 0 0 0 0o o o o

t case t case t case t case

L p q t q t q t p q t q t q t p q t q t q t p q t q t q t
= = = =

 = = = = = = = =   
 1032 

            (C20) 1033 

  1034 
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Supplementary Figures 1035 

 1036 

Fig S 1 Change in parameter values from existing ERRIS (horizontal axis) to restructured 1037 

ERRIS with 240w =  with the restriction turned on (blue points) and off (red points) for all 1038 

gauges in the Manning catchment. (a) autoregressive coefficient, (b) the 
Dp  weighted average 1039 

of descending limb standard deviations and (c) the 
Rp  weighted average of rising limb 1040 

standard deviations.   1041 

 1042 

 1043 

 1044 

Fig S 2 Change in   values from with different window sizes w  for all gauges. Horizontal 1045 

axis shows  values for 240w = , while vertical axes in the panels (l-r) show  values for 1046 

120, 360, 720w   = , respectively. Note these results are when the restriction is not used in 1047 

parameter inference. Points are taken from all cross-validation years.  1048 

  1049 
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 1050 

Fig S 3 Summary of performance with lead time of all gauges in the Brisbane catchment. 1051 

Upper row shows forecast error, mid row shows reliability, lower panel shows sharpness. 1052 

Blue shows existing ERRIS model, colours show restructured ERRIS with the moving 1053 

average bias correction ( 240w = ) with the restriction applied in inference and generation 1054 

(yellow), the restriction applied only in generation for all lead times (purple) and the 1055 

restriction applied only in generation at lead 1 (green). Confidence intervals are generated by 1056 

bootstrapping with 500 repeats. 1057 

 1058 

 1059 

Fig S 4 Summary of performance with lead time of all gauges in the Manning catchment. 1060 

Upper row shows forecast error, mid row shows reliability, lower panel shows sharpness. 1061 

Blue shows existing ERRIS model, colours show restructured ERRIS with the moving 1062 

average bias correction ( 240w = ) with the restriction applied in inference and generation 1063 

(yellow), the restriction applied only in generation for all lead times (purple) and the 1064 

restriction applied only in generation at lead 1 (green). Confidence intervals are generated by 1065 

bootstrapping with 500 repeats. 1066 


