
















































 
 

CLIMATE-BASED UNCERTAINTIES AND DECISION MAKING: PROBABILITY 
AND BEYOND 

 
George Kuczera1 
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Abstract: There exists a spectrum of uncertainty types. At one end there is quantitative uncertainty amenable to the tools of 
probability and statistics. At the other end is total ignorance. In between there is scenario uncertainty which pervades 
virtually all water resource decision making and, in its more difficult manifestations, is not amenable to probability calculus. 
Forecasts of future rainfall (and other hydrologically relevant variables) are affected by all these uncertainties. Decision 
makers deal with these uncertainties in different ways. These are illustrated with several water resource case studies ranging 
from seasonal streamflow forecasting (which is largely amenable to the tools of quantitative uncertainty and classical 
decision making under uncertainty) to urban water resource planning in the face of future climate change scenario uncertainty 
(where the emphasis shifts from identifying solutions that optimal in an expected sense to solutions that are robust). 
Understanding this uncertainty spectrum and its ramifications for decision making is an important consideration in guiding 
the development of rainfall-based forecast information.  
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1. INTRODUCTION 
 

The former US Secretary of Defence, Donald Rumsfield, was much derided when he made the following 
statement in 2002:  

“There are known knowns; there are things we know we know.  
  We also know there are known unknowns; that is to say we know there are some things we do not know.  
  But there are also unknown unknowns – the ones we don’t know we don’t know.” 

On reflection one realizes that Rumsfield was voicing a reality faced by many decision makers, namely that there 
are different types of uncertainty and, by implication, decision makers often have to deal with the whole 
spectrum of uncertainties. Decision makers in the water resources sector would have little difficulty relating to 
Rumsfield’s observation with future rainfall (and other hydrologically relevant variables)1 affected by the full 
spectrum of uncertainties.  

The objective of this presentation is to explore the different types of uncertainty, how they affect 
forecasts of future rainfall over a wide range of time scales and positions, and how that uncertainty is processed 
by decision makers.  
 
2. THE UNCERTAINTY SPECTRUM 
 
 The calculus of probability and statistics largely deals with the world of quantitative uncertainty where 
the “unknowns” are “known”. Characteristic elements of this calculus are a known set of outcomes and the 
ability to learn from observations and data-based prior knowledge. It can distinguish between intrinsic or natural 
uncertainty that is capable of being defined by probability distributions and epistemic uncertainty that arises 
from limited information and is the subject of statistics.  

The world of quantitative uncertainty grades into the more nebulous world of, for want of a better word 
is called, scenario (or assumption) uncertainty. Here a scenario is taken to be a set of assumptions upon which 
the decision analysis is conditioned. In this world not all the “unknowns” are “known” - not all scenario 
possibilities are known, there are fewer data to validate assumptions and there is a greater reliance on judgment. 
Taken to its extreme, scenario uncertainty degenerates to ignorance, the world of “unknown unknowns”.  
 
3. COPING WITH THE UNCERTAINTY SPECTRUM IN WATER RESOURCE DECISION MAKING 
 

Water resource decision makers make decisions that affect system performance over a range of time 
scales. Short-term or operational decisions affect immediate performance, while decisions on policy, strategic 
direction and investment in major infrastructure affects performance over longer, possibly multi-decadal, time 
scales. Figure 1 illustrates an idealized formal decision support framework. At the centre of the framework is a 
simulation model of the water resource system. This model simulates the response of the system to stochastic 
forcing of which climate is a major component and to decisions or interventions. The response is used to 

                                                 
1 For convenience the focus will be on rainfall which is the major driver of hydrologic response. It is 
acknowledged that other forcing variables such as potential evapotranspiration and temperature also affect 
hydrologic response. 



 

evaluate metrics of performance important to decision makers who attempt to formally or informally search for 
decisions that optimize these metrics. Within this framework uncertainty is expressed in different ways. 
Quantitative uncertainty can be propagated through the simulation model using well known probability 
techniques such as Monte Carlo simulation. However, scenario uncertainty is more awkward to deal with. It 
pervades the whole framework and, in the worst case, the best that can be done is to condition performance 
metrics on the scenarios. 
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Figure 1. Idealized formal decision support framework. 
 

The type of uncertainty affecting climate-based products that forecast future rainfall and streamflow is a 
function of lead time and position in the future. Forecasts made in the present range from flood forecasts over 
scales of hours to days to seasonal forecasts over scales of months. While the skills of such forecasts may not be 
strong and the technology is evolving, the saving grace is that the technology is founded on the calculus of 
quantitative uncertainty. As the lead time extends to multi-year or decadal time scales, the transition from 
quantitative to scenario uncertainty commences. Thyer et al. (2006) argue that the instrumental record cannot 
adequately identify multi-decadal variability in hydrological variables. Henley et al. (2011) explore the value of 
paleo reconstructions of multi-decadal variability to better inform current forecast but caution about the 
difficulties.  

As forecasts move from the present to the future, non-stationarity of the climate in the guise of future 
climate change complicates matters further. Scenario uncertainty grows in dominance. While it can be argued the 
future paths of climate change may be plausibly identified, there is insufficient data and prior knowledge to 
meaningfully assign probabilities to such events. Dessai et al. (2009) argued that the accuracy of model 
predictions of future climate is limited by “fundamental irreducible uncertainties” such as knowledge limitations 
(e.g., cloud physics and sub-grid variability), the inherent chaotic nature of climate and uncertainty about human 
behaviour to reduce Greenhouse emissions. 

Water resource decision makers deal with these uncertainties in different ways. Several water resource 
case studies illustrate these differences. We start with seasonal streamflow forecasting which is largely amenable 
to the tools of quantitative uncertainty and classical decision making under uncertainty. The more elusive multi-
decadal climate variability requires an adaptive decision making where decisions evolve over time. In the case of 
urban water resource planning in the face of future climate change scenario uncertainty, the emphasis shifts from 
identifying solutions that optimal in an expected sense to solutions that are robust.  

It is suggested that understanding this uncertainty spectrum and its ramifications for water resources 
decision making is an important consideration in guiding the development of rainfall-based forecast information. 
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Abstract: An experimental, district-level system was developed to forecast droughts and floods over South Korea to properly 
represent local precipitation extremes. The system is based on the Asia-Pacific Economic Cooperation (APEC) Climate 
Center (APCC) multimodel ensemble (MME) seasonal prediction products. Three-month lead precipitation forecasts for 60 
stations in South Korea for the season of March to May are first obtained from the coarse-scale MME prediction using 
statistical downscaling. Owing to the relatively small variance of the MME and regression-based downscaling outputs, the 
downscaled MME (DMME) products need to be subsequently inflated. The final station-scale precipitation predictions are 
then used to produce droughts and flood forecasts on the basis of the Standardized Precipitation Index (SPI). 

The performance of three different inflation schemes was also assessed. Of these three schemes, the method that 
simply rescales the variance of predicted rainfall to that based on climate records, irrespective of the prediction skill or the 
DMME variance itself at a particular station, gives the best overall improvement in the SPI predictions. However, systematic 
biases in the prediction system cannot be removed by variance inflation. This implies that DMME techniques must be further 
improved to correct the bias in extreme drought/flood predictions. Overall, it is seen that DMME, in conjunction with 
variance inflation, can predict hydrological extremes with reasonable skill. Our results could inform the development of a 
reliable early warning system for droughts and floods, which is invaluable to policy makers and stakeholders in agricultural 
and water management sectors, and so forth and is important for mitigation and adaptation measures. 
 
Keywords:SPI, MME, statistical downscaling, variance inflation, seasonal prediction, extreme droughts and floods 
 
1. INTRODUCTION  
 

The recent global change occurring since late 1970s has resulted in changing frequencies and 
characteristics of the tropical Indo-Pacific phenomena such as El Nino and Southern Oscillation (ENSO), ENSO 
Modoki, and, Indian Ocean Dipole (IOD), and consequently, their impacts globally. The changes have been 
associated with prolonged droughts and floods in many countries such Australia, USA, Korea, etc. Droughts and 
floods result in tremendous economic, social, and environmental losses. Developing a good prediction system 
for the hydrological extremes is essential for minimizing such droughts and floods-related losses. 

In this study, we seek to develop a reliable long lead, district-level MME-based prediction system for 
droughts and floods, using the downscaled MME (DMME) method and the inflation of the variance of the 
prediction products (Sohn et al. 2012). We implement a three-step procedure to produce a long lead, district-
level MME-based prediction for extreme drought and flood events: The first step is spatial downscaling of 
precipitation data from multiple global models to stations across South Korea. Next, variance inflation is applied, 
as necessary, to calibrate the amplitude of the downscaling prediction. Three different approaches to correcting 
the variance of the Asia-Pacific Economic Cooperation (APEC) Climate Center (APCC) 3-month DMME 
precipitation forecasts (i.e., M1, M2, and M3; see Sohn et al. (2012) for more information) are evaluated. The 
final step is to produce drought and flood forecasts on the basis of the Standardized Precipitation Index (SPI) for 
each station location. 
 
2. STATISTICAL DOWNSCALING 
 
 Figure 1 shows standard deviations of 3-month accumulated precipitation for March-April-May. The 
average accumulated spring rainfall in South Korea is approximately 80-440 mm, with some regional variation; 
the mean accumulated rainfall is about 300-400 mm on the southern coast, with Jeju Island receiving more than 
400 mm in spring. Figure 3a shows that the largest variability is found in the southern coast locations, including 
Jeju Island, consistent with the mean rainfall distribution. The springtime precipitation is also influenced by the 
local terrain, resulting in large variability in the northeastern part of South Korea. Compared with observations, 
the MME average gives very low variance in precipitation (Figure 3b). Moreover, there is very little regional 
variation. For DMME, it gives lager variability in southern regions; nevertheless, the variance of the 
downscaling product is much less than the observed interannual variability. It is well known that the regression-
based downscalingprediction tends to yield low variance, but this can be remedied by means of various inflation 
methods. 
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TOWARDS ROBUST PREDICTIONS OF THE HYDROLOGICAL IMPACTS OF 
CLIMATE CHANGE: THE BAYESIAN TOTAL ERROR APPROACH
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Abstract: Hydrological models play a vital role in transforming projections of changes in meteorological forcings (rainfall 
and temperature) due to climate variability and change into water–related societal impacts such as projected changes in 
floods and droughts. Typically, hydrological models require calibration of their parameters using observed data. However, 
these models are then applied to provide climate change projections which are often “outside the envelope” of the data to 
which they are calibrated. Furthermore, the calibration process often has several key assumptions, which are rarely 
scrutinized. These assumptions impact on the reliability and robustness of hydrological model predictions. This paper, 
provides an overview of the Bayesian Total Error Analysis (BATEA) approach to model calibration and prediction. The main 
aim of this framework is to provide a calibration and prediction tool to improve the reliability of the parameter and model 
predictions and develop a better understanding of predictive uncertainty by decomposing the multiple error sources of a 
model. A series of case studies will be presented that highlight the role of data errors and the assumptions of the model 
calibration process in inducing parameter biases and unreliable model predictions. These case studies highlight the role of the
BATEA approach in improving the parameter estimates and the reliability of model predictions.   

Keywords: Hydrological Modelling, Predictive Uncertainty, Model Calibration,  

1. INTRODUCTION 

Hydrological models simulate water balance dynamics at the catchment scale. Given the significance of water in 
human society, and in aquatic and terrestrial ecosystems, catchment models are an integral part of environmental 
science, engineering and management, including water resources planning, flood risk prediction, as well as 
assessing the impact of climate variability and change on floods and droughts.  The nonlinearities and thresholds 
in the hydrological process mean the rainfall to runoff transformation often amplifies the impacts of climate 
changes in meteorological forcings - typically, the rainfall elasticity of streamflow is of the order of 2.0 – 3.5 
[Chiew, 2006]. Given, the vital role that hydrological models play in assessing societal impacts of climate 
change on droughts and floods, it is of key importance that the hydrological predictions are robust and reliable.  

Robust and reliable hydrological model predictions requires an assessment of the key assumptions in the 
modelling process. Constructing such models generally consists of several steps [Beven, 2001]: (1) Develop a 
qualitative “perceptual” model that broadly describes “how the system works” and which processes are 
dominant; (2) Develop quantitative “conceptual” model equations that reflect the perceptual model. These will 
be referred to the “governing model equations”, and to the approximations made at this stage as “model 
approximations”, which yield “model structural errors”; (3) Solve the governing model equations, using a 
numerical algorithm if an exact solution is impossible. Approximations made at this stage are “numerical 
approximations” that cause “numerical errors”; (4) Infer (“calibrate”) the system parameters from observed data; 
and (5) Evaluate the model predictions and associated uncertainties, and scrutinize the assumptions of both the 
conceptual model and the inference/prediction methodology. In practice, it is the exception rather than the rule 
that these five steps are undertaken. This paper will focus on the role of steps 4 and 5 - the role of data errors and 
model calibration assumptions on parameter inference and predictive uncertainty. The Bayesian Total Error 
Analysis Framework (BATEA) provides a rigorous approach to scrutinize the calibration and error modelling 
assumptions. Several case studies illustrate how the BATEA approach has improved the reliability of parameters 
and predictions.    

2. THE BAYESIAN TOTAL ERROR ANALYSIS APPROACH  

The hydrological modelling process has several sources of errors (Figure 1). The differences between the models 
and reality is characterised by data and structural errors. Figure 2 provides an overview of the BATEA 
framework developed by Kavetski et al. [2006].  The aim of this framework is to provide a calibration and 
prediction tool to improve reliability of the parameters and model predictions, and develop better understanding 
of predictive uncertainty by decomposing the multiple error sources of a model. Its core ideas are to: (1) specify 
explicit probability models for each source of uncertainty (input, output and model structural errors); (2) where 
necessary, use hierarchical techniques to implement these probability models within a Bayesian inference 
framework; (3) where available, include a priori information about the catchment behaviour and data 
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uncertainty; (4) jointly infer the parameters of the hydrological model and the error models; and (5) examine 
posterior diagnostics to check the assumptions of the error models made in step 1.
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Figure 1 – Sources of Errors Figure 2 – BATEA Framework  

3. CASE STUDIES

Several studies have shown that BATEA offers significant improvements over traditional approaches to model 
calibration and prediction:  
(a) Due to the sparsity of rainfall gauges, catchment rainfall has significant “noise”. Thyer et al. [2009] 

illustrated that standard calibration approaches, produce parameter biases and unreliable predictions, 
because they are calibrating to “noise” in the rainfall data.  

(b) Quantifying the relative contribution of data and structural errors to the total predictive uncertainty is of 
signficificant benefit, because it guides investments to reduce predictive uncertainty. [Renard et al., 2011] 
showed that by incoporating errors model for rainfall and runoff error, enabled the identification of stuctural 
errors. This provided a significant improvement in the reliability of model predictions, and enabled the 
identification of the key contributions to the total predictive uncertainty.   

(c) Robustness of hydrological model predictions under climate change is a key issue. Using a case study from 
a key water supply catchment it was demonstrated that hydrological model calibration using standard least 
squares calibration approaches over-estimated annual runoff in a drier climate by 45-62%. In comparison, 
using weighted least squares, which was verified in the BATEA approach as providing better residual error 
model, reduced this bias to 20-25%.  

4. CONCLUSIONS 

Hydrological models play a key role in providing predictions of the impacts of climate change on key water–
related societal impacts such as projected changes in floods and droughts. A key question is whether, these 
hydrological models provide robust predictions under a changing climate. The Bayesian total error analysis 
framework provides a rigorous framework to assess the impacts of the assumptions of the modeling process. 
Several case studies highlighted the value of the BATEA approach in improving parameter inferences and 
providing more reliable predictions. 
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