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Summary 

Flood forecasting is an uncertain process. In recent years, forecasters have moved towards 
probabilistic forecasting. Now, instead of saying it will rain with tomorrow, they may say there 
is a 70% chance of rain tomorrow. This enables forecasters to be more honest about the 
uncertainty in their predictions and to give more advanced warnings of low probability but high 
consequence events, like severe floods. Increasingly, the Environment Agency are making use of 
probabilistic forecasts in flood forecasting. Consequently, this complicates decision making for 
staff involved in incident response. Instead of relying on a deterministic forecast of an event, 
they are now provided with multiple, sometimes conflicting, projections and information. 
Additionally, the information used to inform decisions like issuing a flood warning and/or 
closing a flood barrier, as well as the outcomes is subject to a high degree of uncertainty. 

The Environment Agency has thus sought mathematical tools that can help practitioners 
involved in Flood Incident Management (FIM) make better decisions with greater confidence, 
when faced with situations of uncertainty. Robust-utility analysis can provide a robust, flexible 
and easy to use framework to analyse probabilistic projections and support decision making in 
situations of uncertainty. The concepts underpinning it are introduced in layman’s terms, 
followed by discussion of its strengths and weaknesses. Subsequently, robust utility analysis is 
applied to a hypothetical case study problem comparing different actions typically undertaken 
as part of FIM and the results discussed. The intention of this study was to develop and test a 
simple to use mathematical framework to enable decision makers involved in FIM can make 
better decisions, quickly and with greater confidence. 

Robust-util ity  analysis  

Methodolog
y 

Well  suited for Commonly 
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• Robust-utility analysis is an evaluation method which compares options or strategies 
based on their performance and robustness across a range of possible futures (Green 
and Weatherhead, 2014). The focus of robust-utility analysis is on identifying the best or 
preferred solution/s, with respect to the decision maker's priorities and risk appetite, as 
well as the estimated costs and benefits of potential solutions. 

• In this way, solutions which exhibit robustness across a wide range of future scenarios 
can be compared to solutions which perform exceptionally well in a limited number of 
scenarios but poor in others. The ranking of options depends on the chosen rational 
model, specifically on whether the decision maker is more risk adverse or risk-seeking. 

• This method permits ranking of options or strategies in quantitative terms, and 
supports exploratory analysis of individual preferences. In this way, decision makers 
can use robust-utility analysis to directly challenge their own rational model, as well as 
simultaneously evaluate trade-offs between robust-optimal solutions. 

• This method integrates information relating to the options under consideration, future 
scenarios and potential outcomes, as well as information related to the priorities and 
risk appetite of the decision maker, including the presence of critical decision 
thresholds. 

• Unlike other methods such as real options analysis, it does not rely on having access to 
probability information relating to the likelihood of future scenarios, information which 
may not always be available or may be difficult to estimate (Mun, 2002). 

• If likelihood information is available or can be easily estimated, then robust-utility 
analysis can be easily combined with fuzzy stochastic programming or similar 
approaches (Zeng et al, 2016). The method also permits local as well as global 
sensitivity analysis of model parameters. 

• In addition to static decisions, this method can also be applied iteratively in combination 
with adaptive pathways or decision trees thus taking into account the possibility of 
adjusting options or strategies in the future based on new information.  as well building 
flexibility into initial adaptation investments to accommodate uncertainties. 

• The principal advantage of this method is the relative ease in which it can be applied, 
which permits rapid assessment but also permits generalisations and transferability of 
results between different decision problems, encouraging learning and capacity building 
across different stakeholder groups. 

• This method provides a structured framework for combining expert judgement and 
stakeholder preferences and is well suited for encouraging stakeholder participation in 
adaptation decision-making and resilience planning. 

What does it  do? 
 
Robust-utility analysis is an evaluation method used to rank options or strategies in 
quantitative terms (Green and Weatherhead, 2014). It identifies the best or preferred 
solution/s with respect to the decision maker's priorities and risk appetite, as well as 
quantifiable information relating to the estimated costs and benefits of potential solutions. 
Robust-utility analysis uses three model parameters to generate a simplified rational model 
which can be individually tailored to reflect different risk appetites as well as address different 
decision problems and contexts. Robust-utility analysis places the focus on choice behavior, 
enabling decision makers to resolve trade-offs in a transparent, auditable and analytically 
robust manner. 
 



In order to undertake robust-utility analysis the following three model parameters need to be 
specified by the decision maker, these include: (1) coefficient of optimism, (2) coefficient of 
robustness and the (3) threshold of acceptability. The coefficient of optimism is used to describe 
how optimistic the decision maker is about the future, specifically whether they are more 
concerned about the 'robustness' or overall performance and/or negative performance of a 
particular solution or subset of solutions. In the context of flood risk, a risk adverse decision 
maker would choose the course of action which performs most consistently, whilst minimising 
cost and does not result in significant damage or increased flood risk. 
 
The coefficient of robustness is used to quantify how robust the decision maker wants their 
solution to be, specifically whether they are more concerned about the overall performance of a 
solution across all future scenarios or merely those scenarios where the solution performs 
exceptionally better than all other solutions. Here a decision maker using a small coefficient of 
robustness would aim to minimise risk by choosing the option which performs consistently, 
compared to other options A decision maker using a large coefficient of robustness would 
accept some damage in the worst-case scenario, provided they benefit in the best-case scenario. 
Lastly, the threshold of acceptability defines the boundary between acceptable and 
unacceptable outcomes. If necessary, the threshold of acceptability can be used to parametrise 
the coefficient of robustness. In this way only this threshold needs to be specified by the 
decision maker, with the remaining parameters left in their default configuration. 
 
Once all three model parameters have been specified a 𝑧-score can be calculated for each 
solution. This calculation uses the weighted difference between a solution’s relative positioning 
with respect to others, and its negative performance, calculated across those scenarios where 
the outcome falls below the desired threshold of acceptability. The weighting is determined by 
the coefficient of optimism. The preferred solution is then identified as the solution with the 
highest z-score. In practice, each model parameter can be derived from existing data or 
individually specified by the decision maker. This approach affords greater flexibility in the 
calculation of each solution's 𝑧-score, but when combined with sensitivity analysis can be used 
to derive performance curves indicating trade-off between optimal-robust solutions. This can 
also be useful for identifying solutions which strictly dominate other options. 
 
When should I  use it?  
 
Robust utility-analysis can be treated both as a stand-alone and complementary evaluation 
technique. That is, it can be easily combined with established techniques including but not 
limited to Cost-Benefit Analysis (CBA) (Mishan and Quah, 2007), Cost-Effectiveness Analysis 
(CEA) (Robinson, 1993), Multi-Criteria Analysis (MCA) (Dodgson et al, 2009), Real Options 
Analysis (ROA) (Mun, 2002) and Portfolio Theory Analysis (PTO) (Elton et al, 2009). Robust-
utility analysis can be considered a 'light-touch' version of Robust Decision Making (RDM) 
(Lempert et al, 2010). This means it benefits from low resource, expertise and computational 
demands, yet is still able to evaluate solutions in a transparent, auditable and analytically robust 
manner. Unlike many existing methods, it does not rely on having access to likelihood 
information relating to the probability of future scenarios, information which may not always be 
available or easily estimated. In the adaptation context, robust utility analysis is particular 
beneficial, given that it can be individually tailored for different decision problems and contexts, 
as well as provide an effective entry point to engage multiple stakeholders in decision making. 
Uncertainty is explicitly addressed within the scope of robust-utility analysis which makes it 
particularly suited for supporting adaptation and resilience planning. 
 
Robust-utility analysis can be applied in any situation where the potential outcomes of a 
particular set of options or strategies can be expressed in quantitative terms. This means 
robust-utility analysis is highly compatible with existing widely used economic appraisal 
techniques such as CBA and/or similar techniques. When market information is available or can 



be easily estimated, benefits will most likely be related to the avoided cost or marginal benefit of 
actions or strategies. In contrast, costs are typically expressed as a function of capital 
expenditure (CAPEX) and operating expenditure (OPEX) or alternatively as total expenditure 
(TOTEX) expressed over a solution's entire lifetime, discounted to present day and reported as 
its Net Present Value (NPV). Robust-utility analysis can also be combined with non-market 
valuation techniques, for example in situations when costs and benefits are more difficult to 
express in monetary terms, such as health, biodiversity etc. This approach is in line with 
approaches such as CEA and MCA. 
 
The three model parameters underpinning robust-utility analysis can also be easily modified 
and (if required) exaggerated to reflect extremely polarised risk appetites and attitudes. This is 
particularly important for solutions which are highly sensitive to the climate or particularly 
critical due to infrastructure independencies. Unlike traditional economic techniques such as 
expected utility, which commonly assume a single or fixed rational model to describe all 
decision makers, robust utility analysis uses three user-defined parameters to generate a 
simplified rational model that can be personalised for individual risk appetites and different 
decision problems. This is particularly advantageous as current techniques have been shown to 
be largely incompatible with the diversity of risk appetites, biases and priorities of decision 
makers. This is particularly apparent in the context of climate change adaptation, given the 
inherent and significant uncertainties. The apparent lack of flexibility in current techniques may 
account for their limited uptake. In conclusion, robust-utility analysis can provide a structured 
framework for combining expert judgement and stakeholder preferences and is well suited for 
encouraging stakeholder participation in adaptation decision-making and resilience planning. 
 
What are the key strengths and weaknesses? 
 
Key strengths 
 

• Provides a structured approach for testing solutions against many possible futures. 
• Attractive methodology for its relative simplicity. 
• Can accommodate a range of risk appetites, from risk adverse to risk seeking, providing 

a structured framework for combining expert judgement and stakeholder preferences. 
• Provides easily understandable rankings of measures, incorporating critical decision 

thresholds. 
• Can work with physical or economic metrics, enhancing potential for application across 

non-market sectors such as biodiversity or health. 
• Provides an exploratory decision support tool and can be easily combined with 

sensitivity analysis and more advanced techniques if required. 
• Supports static and adaptive decision making, including quantitative economic analysis 

of the value of flexibility and learning. 
• Applicable under situations of high uncertainty, e.g. climate change, where likelihood 

information is limited or missing. 
 
Potential  weaknesses 
 

• Assessment of adaptation activities is more subjective, influenced by stakeholders’ 
perceptions.  

• Optimises to a single metric, which can be difficult to parameterise. Focus on a single 
metric may omit important risks, and may not capture all relevant information. 

• Optimises the selection of options against single, pre-defined future scenarios of climate 
change. 

• Subject to issues stemming from the incorrect definition of the problem structure, poor 
performance data and inappropriate capturing of decision-maker preferences. 



How does it  work? 
 
A practical example of robust-utility analysis is provided to help guide readers through its 
calculation. The following decision problem compares five adaptation options yielding different 
payoffs across 24 different scenarios. This data is stored in the 24×5 matrix 𝑷. The value 𝑃!,! 
refers to the payoff when adaptation option 𝑜 is used, and scenario 𝑠 occurs. In general we use 
the index 𝑜 for ‘options’ and 𝑠 for ‘scenario’. 
 

 𝑷 
Scenario (s) 𝑃!,!  𝑃!,!  𝑃!,!  𝑃!,!  𝑃!,!  max

!
𝑃!,! min

!
𝑃!,! 

Ensemble 1 -484 -425 -713 -531 -889 -425 -889 
Ensemble 2 -454 -263 -268 -170 -363 -170 -454 
Ensemble 3 -273 -252 -133 -111 -119 -111 -273 
Ensemble 4 -107 -157 -31 -7 17 17 -157 
Ensemble 5 56 59 34 76 189 189 34 
Ensemble 6 162 72 116 128 285 285 72 
Ensemble 7 199 206 253 176 299 299 176 
Ensemble 8 221 335 310 224 307 335 221 
Ensemble 9 403 415 400 226 364 415 226 
Ensemble 10 450 424 447 390 388 450 388 
Ensemble 11 543 453 515 438 523 543 438 
Ensemble 12 570 487 532 503 553 570 487 
Ensemble 13 574 509 572 512 630 630 509 
Ensemble 14 633 542 579 606 634 634 542 
Ensemble 15 738 577 619 648 662 738 577 
Ensemble 16 767 667 705 667 775 775 667 
Ensemble 17 786 752 721 672 781 786 672 
Ensemble 18 826 874 851 696 835 874 696 
Ensemble 19 875 892 901 820 838 901 820 
Ensemble 20 901 930 928 900 858 930 858 
Ensemble 21 991 1001 956 1092 877 1092 877 
Ensemble 22 1091 1130 962 1207 1032 1207 962 
Ensemble 23 1248 1296 1326 1210 1110 1326 1110 
Ensemble 24 1284 1473 1419 1628 1414 1628 1284 

The following user-defined parameter values are used in this example: 

Coefficient of optimism (α) Coefficient of robustness (β) Threshold of acceptability (t) 
0.5 0.8 -100 

Alternatively, the coefficient of robustness (β) can be estimated using the equations detailed in 
the appendix of this report. 

The workings below are provided for option 1 only. The final calculations for all options are 
summarised at the end of this section along with the decision outcome, representing the best or 
preferred solution. 

The overall performance (𝐴!) is initially calculated: 
 



A! =  
𝑃!,! −  χ! 

max
!
𝑃!,! −  χ!

!

!!!

𝐻 𝑃!,! −  χ! , 

 
where:  

χ! = βmin! 𝑃!,! + 1 − β max! 𝑃!,!, 

 𝐻 𝑥 = 0 if 𝑥 < 0
1 if 𝑥 ≥ 0  is the heavyside function, 

β = coefficient of robustness. 
 

Below we compute 𝐴!: 
 

Scenario (s) Option 𝑃!,! max
!
𝑃!,! min

!
𝑃!,! χ! 𝑃!,! −  χ! max

!
𝑃!,! −  χ! 

𝑃!,! −  χ! 
max
!
𝑃!,! −  χ!

 

Ensemble 1 -484 -425 -889 -796 313 371 0.84 
Ensemble 2 -454 -170 -454 -398 * * 0 
Ensemble 3 -273 -111 -273 -241 * * 0 
Ensemble 4 -107 17 -157 -123 16 139 0.11 
Ensemble 5 56 189 34 65 * * 0 
Ensemble 6 162 285 72 115 47 171 0.28 
Ensemble 7 199 299 176 200 * * 0 
Ensemble 8 221 335 221 244 * * 0 
Ensemble 9 403 415 226 264 139 151 0.92 
Ensemble 10 450 450 388 401 50 50 1.00 
Ensemble 11 543 543 438 459 84 84 1.00 
Ensemble 12 570 570 487 504 66 66 1.00 
Ensemble 13 574 630 509 533 41 96 0.43 
Ensemble 14 633 634 542 561 73 73 0.99 
Ensemble 15 738 738 577 609 129 129 1.00 
Ensemble 16 767 775 667 689 78 86 0.90 
Ensemble 17 786 786 672 695 91 91 1.00 
Ensemble 18 826 874 696 732 95 143 0.66 
Ensemble 19 875 901 820 836 39 65 0.60 
Ensemble 20 901 930 858 872 29 58 0.50 
Ensemble 21 991 1092 877 920 71 172 0.41 

Ensemble 22 1091 1207 962 101
1 81 197 0.41 

Ensemble 23 1248 1326 1110 115
3 95 173 0.55 

Ensemble 24 1284 1628 1284 135
3 * * 0 

Total (𝐴!)       12.60 
* This value is not calculated because 𝐻 𝑃!,! −  χ! = 0. 

The negative performance (𝐵!) is then calculated: 

B! =  
𝑃!,! − 𝑡

min
!
𝑃!,! − 𝑡

𝐻 𝑡 − 𝑃!,!

!

!!!

, 



 
where: 

 𝐻 𝑥 = 0 if 𝑥 < 0
1 if 𝑥 ≥ 0  is the heavyside function, 

t = threshold of acceptability. 
 

Below we compute 𝐵!: 
 

Scenario (s) Option 𝑃!,! t 𝑃!,! - t min
!
𝑃!,! min

!
𝑃!,! − t 

𝑃!,! − 𝑡
min
!
𝑃!,! − 𝑡

 

Ensemble 1 -484 -100 -384 -889 -789 0.49 
Ensemble 2 -454 -100 -354 -454 -354 1.00 
Ensemble 3 -273 -100 -173 -273 -173 1.00 
Ensemble 4 -107 -100 -7 -157 -57 0.11 
Ensemble 5 56 -100 * 34 * 0 
Ensemble 6 162 -100 * 72 * 0 
Ensemble 7 199 -100 * 176 * 0 
Ensemble 8 221 -100 * 221 * 0 
Ensemble 9 403 -100 * 226 * 0 
Ensemble 10 450 -100 * 388 * 0 
Ensemble 11 543 -100 * 438 * 0 
Ensemble 12 570 -100 * 487 * 0 
Ensemble 13 574 -100 * 509 * 0 
Ensemble 14 633 -100 * 542 * 0 
Ensemble 15 738 -100 * 577 * 0 
Ensemble 16 767 -100 * 667 * 0 
Ensemble 17 786 -100 * 672 * 0 
Ensemble 18 826 -100 * 696 * 0 
Ensemble 19 875 -100 * 820 * 0 
Ensemble 20 901 -100 * 858 * 0 
Ensemble 21 991 -100 * 877 * 0 
Ensemble 22 1091 -100 * 962 * 0 
Ensemble 23 1248 -100 * 1110 * 0 
Ensemble 24 1284 -100 * 1284 * 0 
Total (𝐵!)      2.60 

* This value is not calculated because 𝐻 𝑡 − 𝑃!,! = 0. 
 
Finally, the 𝑧-score is calculated: 
Z! =  max

!!!
∝ A! − 1−∝ B!  

 
Where:  

𝑍! = decision outcome  
α = coefficient of optimism (0 < 𝛼 ≤ 1 ) 
𝐴! is the overall performance of option 𝑜. 
𝐵! is the negative performance of option 𝑜. 

 
Option (𝑜) 𝐴! 𝐵! 𝛼𝐴! 1 − α 𝐵! 𝑍! 



Option (𝑜) 𝐴! 𝐵! 𝛼𝐴! 1 − α 𝐵! 𝑍! 
1 12.60 2.60 6.30 1.30 5.00 
2 9.97 2.75 4.98 1.37 3.61 
3 11.93 1.44 5.97 0.72 5.25 
4 8.44 0.80 4.22 0.40 3.82 
5 13.40 1.85 6.70 0.93 5.78 

 
The best or preferred solution is option 5 because it has the highest 𝑧-score. 
 

Case study: Probabilistic  Forecasting and Flood Incident Management 
 
Background 
 
Flood forecasting is inherently complex due to uncertainties associated with modelling 
environmental processes and socio-economic response. In recent years various probabilistic 
flood forecasting techniques have been developed to support decision making (Teng et al, 
2017). These have been applied very successfully, both in the UK and internationally. Recent 
developments in precipitation forecasting, flood and storm surge modelling has significantly 
advanced our understanding by providing more information to decision makers to enable them 
to make better decisions (Kauffeldt et al, 2016). However, this has made decision making for 
staff directly involved in incident response more complicated (Demeritt et al, 2016). This is 
because having access to more information does not necessarily lend itself to better decision 
making, particularly when operating in high-pressure time constrained environments or when 
models provide conflicting information about the best course of action. In order for probabilistic 
projections to be used more effectively, new methods are required. These methods need to be 
sufficiently robust and flexible to assist rapid decision making in real time flood environments. 
 
The methods presented here are particularly suited for supporting staff to make better 
decisions, earlier and with greater confidence, providing a transparent and analytically robust 
audit trail for decision making. This enables decision makers to take precautionary actions and 
make significant cost-savings, reducing service disruptions and avoiding mis-action and 
misallocation of resources. Robust utility analysis permits analysts to incorporate and express 
in quantitative terms the available information related to Flood Incident Management (FIM). 
This includes but is not limited to knowledge of recent flood history, informal and expert 
knowledge, the historic flood forecast performance, and the risk appetite of the decision maker. 
It is widely recognise that FIM actions are regularly taken on the basis of expert judgement, 
which can on occasion contradict the supporting evidence. An example of this would be when an 
action is taken with the benefit to public relations and operational staff training in mind. 
However these decisions are often more difficult to justify and explain. 
 
In the UK, flood forecasting and FIM is principally the responsibility of the Environment Agency, 
specifically the FIM staff who are directly involved in operational decision making, the flood 
forecasting operational hydrometeorologists, and the regional flood forecasting duty stuff. The 
Environment Agency previously commissioned the R&D project applying probabilistic flood 
forecasting in flood incident management (SC090032). This report details a range of different 
methods for utilising probabilistic forecasts in FIM including the (1) basic method which uses a 
probability threshold for specific FIM actions based on expert judgement and local knowledge 
(e.g. 20, 0 and 60%), (2) simplified method which uses a probability threshold based on the 
ratio between the FIM action and its estimated monetised benefit and lastly (3) detailed method 
which establishes a water level-impact relationship for use in real time, comparing the average 



estimated flood impact with the FIM action cost. While quick and easy to apply in practice, these 
methods are subject to various limitations and thus should be applied/interpreted with caution. 

The detailed method relies on expected-utility theory to inform the decision outcome, 
expressing the outcome of a particular set of equi-likely scenarios as the arithmetic mean. 
Actions are deemed appropriate when the average flood impact (expressed as an avoided cost) 
exceeds the stated FIM action cost. This approach may be appropriate when all of the ensemble 
members are in agreement, however when one of more of the ensemble members disagree (e.g. 
some predict flooding, others no flooding) this can significantly complicate decision making. 
This is because the ensemble members are typically treated as being equi-likely, thus it is not 
possible to state which members are more/less likely or credible. In some situations, this can 
result in decision makers making the wrong decision as well as encourage them to seek out 
anecdotal evidence or other potentially less credible information to justify a particular decision. 

Both the basic and simplified method rely on probabilities derived from the ensemble members 
to inform the decision outcome, comparing the number of ensemble members predicting 
flooding/no flooding and expressing this as an exceedance likelihood. A general criticism 
levelled against both of these techniques is related to the use and interpretation of probabilities 
produced in this way. Probabilities can provide a useful estimate for practical purposes, they do 
so by making the assumption that the model can accurately reflect reality. Following this, the 
probability of occurrence of an event produced by a credible model should be the same as in 
reality. It is generally recognised that this assumption is not accurate as every model is a 
simplification of reality. Furthermore, probabilities produced in this way need to be verified 
over a large number of samples to ensure forecast probabilities relate to their observed 
frequencies, errors which can be easily distorted when using a small number of forecasts. In 
addition, ensemble forecasts can be produced in a variety of different ways, including varying 
the model starting conditions, model parameters and the model structure. Probabilities derived 
directly or indirectly from ensemble forecasts should thus be interpreted with care, particularly 
when they are not provided with any information related to the model credibility or accuracy. 

These issues are highlighted in the following example, flood forecast data has been obtained for 
the Colne Barrier in Colchester, Essex. This tidal barrier was installed to reduce the risk of tidal 
flooding at Colchester and is currently closed when the tidal-surge forecast exceeds 3.3mAOD to 
avoid flooding. Currently, the Colne Barrier is closed approximately 50 times a year with an 
average operating cost of £200,000 per annum or £4000 per event. This cost is comparably low, 
when compared with the avoided cost from flooding. When this information is combined with 
expected-utility to determine whether the barrier should be closed (as shown in Table 1), this 
leads to a false alarm being raised. This occurs because the expected closure benefit exceeds the 
closure cost. This result occurs when the majority of the ensemble members forecast flooding is 
likely, as evidenced by the event on 12/02/2009, but also when only a few ensemble members 
forecast flooding such as the event on the 11/02/2009. 

Table 1 Colne Barrier probabilistic flood forecast and FIM action decision based on expected utility 

Date & Time 10/02/2009 12:30 11/02/2009 13:15 12/02/2009 01:45 
Observed water 
level (mAOD) 3.482 3.074 3.027 

Probabilistic 
Flood Forecast 

Peak 
Level 

(mAOD) 

Closure 
Benefit  

(£) 

Peak 
Level 

(mAOD) 

Closure 
Benefit  

(£) 

Peak 
Level 

(mAOD) 

Closure 
Benefit  

(£) 
Ensemble 1 3.691 £4,831,256 3.297 £0 3.323 £284,322 
Ensemble 2 3.682 £4,714,939 3.296 £0 3.352 £647,970 



Ensemble 3 3.748 £5,537,264 3.264 £0 3.343 £529,520 
Ensemble 4 3.694 £4,870,774 3.277 £0 3.317 £209,541 
Ensemble 5 3.675 £4,632,138 3.317 £208,981 3.320 £246,098 
Ensemble 6 3.690 £4,812,196 3.318 £224,816 3.331 £377,959 
Ensemble 7 3.677 £4,658,119 3.285 £0 3.333 £412,629 
Ensemble 8 3.679 £4,678,587 3.331 £386,912 3.315 £181,080 
Ensemble 9 3.665 £4,505,170 3.330 £376,332 3.299 £0 
Ensemble 10 3.650 £4,323,338 3.288 £0 3.288 £0 
Ensemble 11 3.691 £4,826,055 3.291 £0 3.349 £604,449 
Ensemble 12 3.673 £4,603,936 3.336 £442,730 3.354 £667,079 
Ensemble 13 3.691 £4,830,643 3.297 £0 3.349 £602,179 
Ensemble 14 3.692 £4,837,660 3.296 £0 3.339 £487,358 
Ensemble 15 3.671 £4,583,778 3.264 £0 3.327 £337,538 
Ensemble 16 3.694 £4,869,640 3.292 £0 3.262 £0 
Ensemble 17 3.701 £4,954,424 3.302 £25,561 3.317 £212,234 
Ensemble 18 3.700 £4,935,776 3.342 £513,820 3.323 £284,789 
Ensemble 19 3.680 £4,690,149 3.292 £0 3.327 £336,438 
Ensemble 20 3.735 £5,367,034 3.288 £0 3.314 £171,288 
Ensemble 21 3.680 £4,689,538 3.310 £124,276 3.338 £464,774 
Ensemble 22 3.693 £4,853,985 3.310 £124,032 3.321 £265,366 
Ensemble 23 3.720 £5,183,608 3.272 £0 3.330 £374,931 
Ensemble 24 3.698 £4,910,350 3.284 £0 3.352 £638,319 
Expected Closure 
Benefit (£) £4,820,848 £101,144 £347,328 

Closure Cost (£) £4,000 £4,000 £4,000 
Closure decision Y Y Y 
Hit 1 0 0 
False Alarm 0 1 1 

 

Methodology 

To address some of these limitations and to evaluate the appropriateness of robust-utility 
analysis, a hypothetical case study was developed drawing on real world data from several UK 
sites. A suite of 24 ensemble members were used to generate probabilistic flood forecasts, each 
with a peak water level as per the above example, this depth was then converted into an action 
payoff by comparing the depth of water expressed as an avoided cost with the FIM action cost. 
Five different FIM actions were considered including (1) Major flood defences, (2) Minor flood 
defences, (3) Evacuate, (4) Clear waterways, and (5) No action. Each option was assigned a 
different action cost and was associated with different types of avoided costs. For example, 
evacuation only mitigated against avoided costs relating to risk to life/serious injury reduction 
and social impact reduction. The cheapest option was clear waterways, costing £15,000, with 
the most expensive option being major defences costing £100,000, mitigating against all costs. 
The options, action costs and avoided costs underpinning this case study are detailed in Table 2. 

Table 2 Options including action cost and avoided cost mitigated for hypothetical case study 

Option Action Cost 
(£) 

Avoided cost (%) 
Risk to 

life/seriou
s injury 

reduction 

Social 
impact 

reductio
n 

Residential 
properties 

damage 
reduction 

Business/a
griculture 

damage 
reduction  

Infrastruct
ure 

disruption 
reduction 

Major flood 
defences 100,000 100 100 100 100 100 



Minor flood 
defences 30,000 80 80 80 80 0 

Evacuation 45,000 100 100 0 0 0 
Clear 
waterways 15,000 60 60 60 60 60 

No Action 0 0 0 0 0 0 
 

The avoided cost of each action, based on each ensemble member was then estimated by linear 
interpolation using a water-level relationship (see Table 3). The avoided cost was ranked from 
smallest to largest for each action, the decision outcome was then obtained using robust-utility 
analysis and compared with existing techniques. For the purpose of comparison, the coefficient 
of robustness was also estimated using a probability of exceedance (see appendix). Lastly, 
sensitivity analysis was undertaken by varying the coefficient of robustness and recording the 
decision outcome. The results are detailed in the next section along with the decision outcome. 

Table 3 Water level-impact relationship for hypothetical case study 

Water 
level 

mAOD 

Risk to 
life/serious 

injury 
reduction 

(£) 

Social 
impact 

reduction 
(£) 

Residential 
properties 

damage 
reduction 

(£) 

Business/a
griculture 

damage 
reduction  

(£) 

Infrastruct
ure 

disruption 
reduction 

(£) 

Total 
(£) 

3.00 0 0 0 0 0 0 
3.10 0 0 0 0 0 0 
3.20 0 0 0 0 0 0 
3.30 0 0 0 0 0 0 
3.40 448,496 298,997 224,248 188,551 74,749 1,235,042 
3.50 896,992 597,995 448,496 377,102 149,499 2,470,084 
3.60 1,345,488 896,992 672,744 565,653 224,248 3,705,126 
3.70 1,793,984 1,195,989 896,992 754,205 298,997 4,940,168 
3.80 2,242,480 1,494,987 1,121,240 942,756 373,747 6,175,210 
3.90 2,690,976 1,793,984 1,345,488 1,131,307 448,496 7,410,252 
4.00 3,139,472 2,092,982 1,569,736 1,319,858 523,245 8,645,294 
4.10 3,587,968 2,391,979 1,793,984 1,508,409 597,995 9,880,336 
4.20 4,036,465 2,690,976 2,018,232 1,696,960 672,744 11,115,378 
4.30 4,484,961 2,989,974 2,242,480 1,885,511 747,493 12,350,420 
4.40 4,933,457 3,288,971 2,466,728 2,074,063 822,243 13,585,461 
4.50 5,381,953 3,587,968 2,690,976 2,262,614 896,992 14,820,503 
4.60 5,830,449 3,886,966 2,915,224 2,451,165 971,741 16,055,545 
4.70 6,278,945 4,185,963 3,139,472 2,639,716 1,046,491 17,290,587 
4.80 6,727,441 4,484,961 3,363,720 2,828,267 1,121,240 18,525,629 
4.90 7,175,937 4,783,958 3,587,968 3,016,818 1,195,989 19,760,671 
5.00 7,624,433 5,082,955 3,812,217 3,205,369 1,270,739 20,995,713 

 

Results  

FIM action payoffs were initially calculated using the avoided cost loss the action cost based on 
each ensemble member. The following decision problem (Table 4) comprising various actions 
and ensemble members, using data from a probabilistic flood forecast (12/02/2009) was then 
analysed using robust-utility analysis to evaluate the best or preferred course of action. 



Table 4 Decision problem comparing 5 FIM actions across 24 ensemble members. Data obtained from probabilistic 
flood forecast - 12/02/2009 in Colchester, UK. FIM action cost estimated by linear interpolation of water-level 
impact. 

Probabilistic 
Flood 
Forecast 

Water 
level 

mAOD 

FIM action payoff (avoided cost – action cost) 
Major flood 

defences 
Minor flood 

defences Evacuation Clear 
waterways 

No 
action 

Action 
cost 100000 30000 45000 15000 0 

Ensemble 1 3.323 £184,060 £183,494 £126,923 £155,436 £0 
Ensemble 2 3.352 £542,222 £452,682 £343,697 £370,333 £0 
Ensemble 3 3.343 £431,068 £369,141 £276,422 £303,641 £0 
Ensemble 4 3.317 £109,957 £127,800 £82,074 £110,974 £0 
Ensemble 5 3.32 £147,008 £155,647 £104,499 £133,205 £0 
Ensemble 6 3.331 £282,863 £257,753 £186,723 £214,718 £0 
Ensemble 7 3.333 £307,564 £276,317 £201,673 £229,538 £0 
Ensemble 8 3.315 £85,256 £109,235 £67,124 £96,154 £0 
Ensemble 9 3.299 -£100,000 -£30,000 -£45,000 -£15,000 £0 
Ensemble 10 3.288 -£100,000 -£30,000 -£45,000 -£15,000 £0 
Ensemble 11 3.349 £505,171 £424,835 £321,272 £348,102 £0 
Ensemble 12 3.354 £566,923 £471,246 £358,646 £385,154 £0 
Ensemble 13 3.349 £505,171 £424,835 £321,272 £348,102 £0 
Ensemble 14 3.339 £381,666 £332,011 £246,522 £274,000 £0 
Ensemble 15 3.327 £233,461 £220,623 £156,823 £185,077 £0 
Ensemble 16 3.262 -£100,000 -£30,000 -£45,000 -£15,000 £0 
Ensemble 17 3.317 £109,957 £127,800 £82,074 £110,974 £0 
Ensemble 18 3.323 £184,060 £183,494 £126,923 £155,436 £0 
Ensemble 19 3.327 £233,461 £220,623 £156,823 £185,077 £0 
Ensemble 20 3.314 £72,906 £99,953 £59,649 £88,744 £0 
Ensemble 21 3.338 £369,316 £322,729 £239,048 £266,590 £0 
Ensemble 22 3.321 £159,359 £164,929 £111,974 £140,615 £0 
Ensemble 23 3.33 £270,513 £248,470 £179,248 £207,308 £0 
Ensemble 24 3.352 £542,222 £452,682 £343,697 £370,333 £0 

 

Based on assumed user-defined parameter values (Table 5), robust-utility analysis indicates 
that the optimum course of action is minor defences, followed by major defences, evacuation 
and clear waterways. The coefficient of robustness derived using the probability of exceedance 
is not shown, however both approaches yielded similar results and ranking of FIM actions. 

Table 5 User-defined model parameters used for robust-utility analysis. 

Coefficient of optimism (α) Coefficient of robustness (β) Threshold of acceptability (t) 
0.5 0.8 -100 

The z-score of various FIM actions, based on a probabilistic flood forecast (12/02/2009) is 
presented in Table 6. Major and minor defences scored comparably well, however this result 
could be largely attributed to the higher relative payoffs of these particular actions. The ranking 
of FIM actions can be modified by varying the threshold of acceptability to reflect different 
priorities and risk appetites, however no significant changes were observed by doing so. 
Robust-utility analysis was also repeated using data obtained from another probabilistic 



forecast (11/02/2009). Based on this new data and recognising that fewer ensemble members 
predicted flooding during this particular event, no action was deemed the most appropriate 
course of action. In this particular example, applying robust-utility analysis instead of expected-
utility would have prevented a false alarm from being raised. This result was consistent with 
several other randomly generated flood events as well as previous probabilistic forecasts. 

Table 6 Decision outcome obtained using robust-utility analysis with user-defined model parameters. Data obtained 
from probabilistic flood forecast - 12/02/2009 in Colchester, UK. Decision outcome shown (ü). 

FIM action A B ∝.A  1−∝ .B z-score 

Major flood defences (ü) 19.28 3.00 9.64 1.50 8.14 

Minor flood defences 18.99 0.90 9.50 0.45 9.05 

Evacuation 6.61 1.35 3.30 0.68 2.63 

Clear waterways 13.75 0.45 6.88 0.23 6.65 

No Action 3.00 0.00 1.50 0.00 1.50 

 

Table 7 Decision outcome obtained using robust-utility analysis with user-defined model parameters. Data obtained 
from probabilistic flood forecast - 11/02/2009 in Colchester, UK. Decision outcome shown (ü). 

FIM action A B ∝.A  1−∝ .B z-score 

Major flood defences 5.51 16.00 2.75 8.00 -5.25 

Minor flood defences 13.84 4.65 6.92 2.33 4.59 

Evacuation 3.52 7.15 1.76 3.57 -1.81 

Clear waterways 16.65 2.25 8.32 1.13 7.20 

No Action (ü) 16.00 0.00 8.00 0.00 8.00 

 

The decision outcome obtained using robust-utility analysis was also compared with other non-
probabilistic decision criteria which are commonly applied in situations of deep uncertainty. 
The ranking obtained using robust-utility analysis is largely consistent with minimax regret, 
however robust-utility analysis affords analysts greater flexibility in terms of the expressing 
different risk appetites. The results obtained using expected-utility are consistent with the 
limitations discussed earlier, which favour action in situations where a small number of 
ensemble members predict extreme flooding and others no flooding. Overreliance on current 
techniques, can trigger actions based on very low probability of possible exceedance, (e.g. 1 in 
24 ensemble member predicting flooding). This inevitably results in false alarms being raised as 
the model/s used to produce the ensembles are fundamentally different from reality. These 
limitations are largely addressed by robust-utility analysis which has shown promising results.  

Table 8 Decision outcomes obtained using various non-probabilistic decision criteria. Data obtained from 
probabilistic flood forecast - 12/02/2009 in Colchester, UK. 

Decision criteria Major 
defences 

Minor 
defences Evacuation Clear 

waterways No action 

Robust utility 8.14 9.05 2.63 6.65 1.50 



analysis (z-score)  ü    
Expected utility 
(average payoff) 

246841 230679 230679 193105 0 
ü     

Maximax 
(maximum payoff) 

566923 471246 358646 385154 0 
ü     

Minimax 
(Minimum payoff) 

-100000 -30000 -45000 -15000 0 
    ü 

Minimax regret 
(minimum regret) 

100000 95676 208276 181769 566923 
 ü    

 

Additionally, sensitivity analysis was undertaken based on an existing probabilistic forecast on 
12/11/2009 to evaluate how sensitive the decision outcome was to the choice of the coefficient 
of robustness and to establish whether the identified best course of action (minor defences) 
strictly dominated all other actions. The results suggest that the choice of minor defences is 
predominately the best course of action, with the exception of lower robustness levels where 
major defences perform better. Furthermore, the results also show that clear waterways 
outperform major defences at higher robustness levels, in addition all options consistently 
outperform no action. 

 
Figure 1 Sensitivity analysis of coefficient of robustness. Data obtained from probabilistic flood forecast - 
12/02/2009 in Colchester, UK.   
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Appendix 

The coefficient of robustness (β) can be estimated using either of the following equations: 

1. Probability of exceedance 

β =  
1
m

1
n

p ≥ t →  
𝑝 − 𝑡

𝑚𝑎𝑥
!!!

𝑝 − 𝑡
 ∧ p < t →  1 −

p − t
min
!!!

p − t

!

!!!

!

!!!

 

Where: 

p = payoff 
t = threshold of acceptability 
s = scenario 
n = total number of scenarios 
o = option 
m = total number of options 

 
Also shown as: 
 

  Payoff  
Scenario (s) t Option 1 Option 2 Option 3 Option 4 Option 5 

Ensemble 1 -100 0.51 0.59 0.22 0.45 0.00 
Ensemble 2 -100 0.00 0.54 0.53 0.80 0.26 
Ensemble 3 -100 0.00 0.12 0.81 0.94 0.89 
Ensemble 4 -100 0.89 0.00 0.59 0.80 1.00 
Ensemble 5 -100 0.54 0.55 0.46 0.61 1.00 
Ensemble 6 -100 0.68 0.45 0.56 0.59 1.00 
Ensemble 7 -100 0.75 0.77 0.89 0.69 1.00 
Ensemble 8 -100 0.74 1.00 0.94 0.74 0.94 
Ensemble 9 -100 0.98 1.00 0.97 0.63 0.90 
Ensemble 10 -100 1.00 0.95 0.99 0.89 0.89 
Ensemble 11 -100 1.00 0.86 0.96 0.84 0.97 
Ensemble 12 -100 1.00 0.88 0.94 0.90 0.97 
Ensemble 13 -100 0.92 0.84 0.92 0.84 1.00 
Ensemble 14 -100 1.00 0.87 0.92 0.96 1.00 
Ensemble 15 -100 1.00 0.81 0.86 0.89 0.91 
Ensemble 16 -100 0.99 0.88 0.92 0.88 1.00 
Ensemble 17 -100 1.00 0.96 0.93 0.87 0.99 
Ensemble 18 -100 0.95 1.00 0.98 0.82 0.96 
Ensemble 19 -100 0.97 0.99 1.00 0.92 0.94 
Ensemble 20 -100 0.97 1.00 1.00 0.97 0.93 
Ensemble 21 -100 0.92 0.92 0.89 1.00 0.82 
Ensemble 22 -100 0.91 0.94 0.81 1.00 0.87 
Ensemble 23 -100 0.95 0.98 1.00 0.92 0.85 
Ensemble 24 -100 0.80 0.91 0.88 1.00 0.88 

Average  0.81 0.78 0.83 0.83 0.87 



β =  
0.81 + 0.78 + 0.83 + 0.83 + 0.87

5
= 0.83 

 
2. Ensemble credibility 
 
Note, this equation assumes the decision maker has access to information related to the 
credibility of the ensemble forecast. This information is not always available and when it is it 
should be interpreted with caution. 

β =  dϵD
1
m

 
1
n

 t! ≥ t!  →  γ = 1  ∧ t!  < t! →  γ = 0
!

!!!

 
!

!!!

 

Where: 

tp = predicted threshold 
to = observed threshold 
e = ensemble member 
n = total number of ensemble members 
r = repeat experiment 
m = total number of repeat experiments 
d =forecast lead time 

 
Also shown in this example as: 
 

Forecast lead time r1 r2 r3 r4 r5 Average 
1 0.95 0.95 0.95 0.95 0.95 0.95 
2 0.60 0.66 0.70 0.73 0.76 0.69 
3 0.48 0.55 0.60 0.64 0.68 0.59 
4 0.38 0.46 0.52 0.56 0.60 0.51 
5 0.30 0.38 0.44 0.50 0.54 0.43 
6 0.24 0.32 0.38 0.44 0.48 0.37 
7 0.19 0.27 0.33 0.38 0.43 0.32 
8 0.15 0.22 0.28 0.34 0.38 0.27 
9 0.12 0.18 0.24 0.29 0.34 0.24 
10 0.10 0.15 0.21 0.26 0.30 0.20 
* Not actual data 

β = β d = 6 =  
0.24 + 0.32 + 0.38 + 0.44 + 0.48

5
 =  0.37  
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