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Abstract Floods are one of the most frequent and disruptive natural hazards that affect man. Annually,
significant flood damage is documented worldwide. Flood mapping is a common preimpact flood hazard
mitigation measure, for which advanced methods and tools (such as flood inundation models) are used to
estimate potential flood extent maps that are used in spatial planning. However, these tools are affected,
largely to an unknown degree, by both epistemic and aleatory uncertainty. Over the past few years, advan-
ces in uncertainty analysis with respect to flood inundation modeling show that it is appropriate to adopt
Probabilistic Flood Maps (PFM) to account for uncertainty. However, the following question arises; how can
probabilistic flood hazard information be incorporated into spatial planning? Thus, a consistent framework
to incorporate PFMs into the decision-making is required. In this paper, a novel methodology based on
Decision-Making under Uncertainty theories, in particular Value of Information (VOI) is proposed. Specifi-
cally, the methodology entails the use of a PFM to generate a VOI map, which highlights floodplain loca-
tions where additional information is valuable with respect to available floodplain management actions and
their potential consequences. The methodology is illustrated with a simplified example and also applied to
a real case study in the South of France, where a VOI map is analyzed on the basis of historical land use
change decisions over a period of 26 years. Results show that uncertain flood hazard information encapsu-
lated in PFMs can aid decision-making in floodplain planning.

1. Introduction

Over the past decades, global environmental and demographic changes, with reference to climate, land use
and urbanization, have exacerbated flood risk in many parts of the world [Lung et al., 2013; Mohleji and
Pielke, 2014] and this trend is likely to continue in the future [Arnell and Gosling, 2014; Hirabayashi et al.,
2013]. High population growth rates and structural river training measures have led to a notion of safety,
which has led to more people settling in floodplains. Global hydrological cycle process changes have
altered river flow regimes, resulting in increased portion of the population living under the threat of floods.

Robust techniques and strategies are required to integrate potential flood hazard information into land use
planning regulations and civil protection plans [Greiving and Angignard, 2014; Sayers et al., 2015]. Typically,
several steps are taken to synthesize potential flood hazard information into mitigation measures (and strat-
egies). Hazard mapping is an important component of flood hazard mitigation efforts that support process
spatial planning process. However, hazard mapping outputs are affected by uncertainty, thus relying on
these outputs during spatial planning can be challenging.

Deterministic flood inundation maps are typically used to classify floodplains into two distinct regions of
wet (flooded) and dry areas (Figure 1a). These binary maps are normally produced by numerical modeling
of river hydraulics and floodplain inundation [Di Baldassarre et al., 2010]. However, several authors have
demonstrated that these models are affected by significant uncertainty [Montanari, 2007; Solomatine and
Shrestha, 2009]. Uncertainty in this case arises due to inaccurate input data (for instance, topography,
boundary conditions, or unknown state of hydraulic structures [Alfonso and Tefferi, 2015]), inappropriate
parameterization, and imperfect model structure [Aronica et al., 1998; Bates et al., 2004; Di Baldassarre and
Claps, 2010; Hall et al., 2005; Pappenberger et al., 2005; Romanowicz and Beven, 2003]. Thus, deterministic
flood maps shield decision-makers from intrinsic sources of uncertainty and therefore lead to the danger of
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relying on precise, but potentially inaccurate results. Thus, many scientists advocate for the use of Probabil-
istic Flood Maps (PFMs) that reflect a degree of certitude of floodplain inundation (see Figure 1b) [Di Baldas-
sarre et al., 2010; Krzysztofowicz, 2001; Pappenberger and Beven, 2006]. In other words, there is growing
consensus on the Keynesian view that it is better to be approximately right, rather than precisely wrong
(this issue is deeply discussed in Dottori et al. [2013]).

This paper is a contribution to the scientific discussion on decision-making under uncertainty, where uncer-
tain information is represented in PFMs and decisions are related to potential land use changes in flood-
plains. To this end, we propose a new methodology based on the Value of Information (VOI), defined as the
maximum value an agent is willing to pay for additional information prior to making a decision [Bouma
et al., 2009; Hirshleifer and Riley, 1979]. One of the inputs of the proposed methodology is an empirical PFM
generated for a flood event of a particular magnitude. The output of the methodology is a VOI map, which
depicts areas in floodplains where additional information is required to change the land use, considering
available actions and their potential consequences.

The paper is structured as follows: first, an introduction to concept of Value of Information, including a
review of its applications and a description of its estimation is presented, followed by a brief description of
PFMs. Then, an explanation of the methodology to produce VOI maps from PFMs is presented, along with
analysis of results and the respective discussions. To this end, the VOI method is first illustrated in a simpli-
fied numerical example, and then applied to a case study in a floodplain of Ubaye valley, South France.
Finally, conclusions and future directions of research are presented.

1.1. Value of Information
The main concepts of Value of Information (VOI) were developed in the field of economics during the late
1960s [Howard, 1966, 1968]. The aim was to resolve limitations in decision-making under uncertainty by
judging whether it would be rational to invest in additional information prior to making a decision. Prior
beliefs of a decision-maker are significant when assigning value to information and that this value rises
when the consequences of making a wrong decision are important. A simple example was illustrated by
Alfonso [2010], who considered the situation where a sick person has to decide whether to seek medical
attention. If this person is either hypochondriac or iatrophobic, the decision is certain: the hypochondriac
will certainly decide to see a doctor because his physical symptoms will always be an indication of having a
serious illness, whereas the iatrophobic will certainly not see the doctor due to fear. In both cases, any addi-
tional information to make the decision has no value, because the individual’s prior beliefs are at extreme.
However, if the person is hesitant, any additional information about the seriousness of the illness is valuable
to make the decision. Clearly, if seeing a medical doctor happens to be pointless (e.g., no medical prescrip-
tions are given), the consequence of this decision (such as wasted time) would be less important than dire
consequences (for instance, health complications and potential fatality) of wrongly deciding not to get
medical help.

Figure 1. (a) Deterministic and (b) probabilistic representations of a flood extent.
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Similarly, water-related decisions are generally made under uncertainty. Consequently, decision analysis
tools, in particular VOI, have been widely used. For instance, Ammar et al. [2009] presented a methodol-
ogy to optimize groundwater quality monitoring networks, where vulnerability assessment, environmen-
tal health risk, VOI and redundancy were accounted for. Results indicated that around 30% of the
monitoring sites were enough to efficiently describe the processes, with the consequent potential sav-
ings in monitoring efforts. Bouma et al. [2009] presented a VOI assessment for water quality in the North
Sea based on satellite information, by combining Bayesian decision theory with an empirical
stakeholder-oriented approach. Conclusion of this work is that the expected benefit of investing in
remote sensing is positive, but that results depend on its accuracy and the perceived benefits of that
information. Shaqadan [2008] also developed a framework to reduce the uncertainty in exposure to
health risk due to drinking contaminated groundwater. That study assessed the socioeconomic value of
potential decisions of collecting additional information for the given variables. A method to contain a
plume of groundwater contamination through the installation and operation of pumping wells was
developed by Wagner et al. [1992], where the hydraulic conductivity of the aquifer was the main source
of uncertainty. These authors proposed the formulation of an optimization problem to minimize the
costs of pumping using stochastic programming model, and considering the Value of Information con-
cept as a recursive parameter to estimate the expected value of the pumping costs. Reichard and Evans
[1989] examined the value of groundwater monitoring in reducing the uncertainty of exposure for differ-
ent monitoring strategies.

Other uses of VOI in water resources include surface water quality, such as Borisova et al. [2005]. They
examined the price and quantity of different devices and assessed the expected value of the informa-
tion obtained for agricultural nitrogen pollution control. Ramirez et al. [1988] introduced two analytical
tools for decision-making in flood control design, namely ex post analysis and VOI. Roberts et al. [2009]
explored the Value of Information of early warning systems that detected contaminant agents of
soybean crop. The study found that it mainly depended on the perceived threat of being infected and
the accuracy of forecasts. Verkade and Werner [2011] presented a methodology to evaluate the benefits
of flood forecasting, warning, and response systems. This was done by taking into account false alarms
and missed events and by introducing a cost-loss ratio that involves the costs of an early warning
system and the avoided losses. Khader et al. [2012] developed a method to estimate the VOI of a
groundwater monitoring network for an aquifer with spatial heterogeneity for health risk using
decision trees.

VOI concepts have also been used in the design of monitoring networks. A recent attempt in this direction
was presented by Alfonso and Price [2012], with a method to design stage monitoring networks in canals
that focuses on decision-making aspects of a decision-making process, which differs from traditional
approaches where statistical performance measures, such as variance [Rodriguez-Iturbe and Mejia, 1974] and
information content [Alfonso et al., 2010, 2013; Li et al., 2012; Samuel et al., 2013; Shaghaghian and Abedini,
2013] are used.

1.2. Procedure for VOI Estimation
Hirshleifer and Riley [1979] stated that ‘‘a decision-maker chooses among actions, while Nature may be meta-
phorically be said to choose among states.’’ A rational decision-maker is defined as one who prefers wanting
more rather than less, and is assumed to always choose an action that is characterized by the maximum util-
ity when the outcome of such action is certain. Although Kahneman and Tversky [1979] showed this is not
always the case, herein it is assumed that when a decision-maker is required to choose among actions that
result in uncertain outcomes, decisions are based on the expected utility of the outcomes. This expectation
depends on the perception of the occurrence probability of a particular outcome.

Considering a floodplain flood map, we can assess what potentially happens at a particular subarea q. We
consider an action aq, a message mq, and a state sq; aq is an action that is to be taken at q, such as restricting
urban development; the message mq, is the additional information that is obtained from a flood map (either
a ‘‘wet’’ or ‘‘dry’’ location); finally, the state sq is the situation that actually occurs at q (e.g., flooding).
Von Neumann and Morgenstern [1947] offers a way to estimate the expected utility of an action a using
equation (1):
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uða; PsÞ5
X

s

Ps uðCasÞ (1)

Ps is the perception, in probabilistic terms, of the occurrence of a particular state s out of a possible number
of states S; u is the utility of the outcome consequence Cas of actions. If the decision-maker accepts new
information (i.e., a message m), the probability vector Ps is updated; otherwise, the prior belief is retained.
This belief updating can be represented by Bayes theorem:

P sjmð Þ5 P mjsð ÞPs

Pm
(2)

P(s|m) is the updated belief following the receipt of the message m, P(m|s) is the likelihood of receiving the
message m given the state s, and Pm is the probability of getting a message m. Pm and P(m|s) are related as
shown in equation (3)

Pm5
X

s

PsP mjsð Þ (3)

The message value Dm can be estimated as the difference between the utility u of the action taken based
on a particular message, am, and the utility of the action taken without additional information, a0:

Dm5u am; P sjmð Þð Þ2u a0; P sjmð Þð Þ (4)

Although it is not explicitly shown in equation (4), Ps is used to estimate a0. The utility of a0 is evaluated
with respect to posterior probabilities of the messages received, thus VOI is the expected utility of Dm val-
ues, as indicated in equation (5).

VOI5E Dmð Þ5
X

m

PmDm (5)

1.3. Probabilistic Flood Maps (PFM)
Flood maps can be produced using either deterministic or probabilistic approaches [Bates et al., 2004;
Di Baldassarre et al., 2010; Merz et al., 2007]. In a probabilistic approach, the process of floodplain mapping
requires a number of steps. In general, these steps include (1) the setup of flood inundation models; (2) sen-
sitivity analysis of the model using historical flood data; and, (3) the use of behavioral models to carry out
ensemble simulation using an uncertain synthetic design event as hydrological input [Di Baldassarre et al.,
2010]. In particular, the last step typically consists of running a number of simulations in a Monte Carlo
framework, taking into account hydrological uncertainty corresponding to the magnitude of a particular
flood event. The probabilistic map is obtained by performing a weighted sum of each Monte Carlo simula-
tion at each ith cell. The flood state Cj is, therefore, [Horritt, 2006], equation (6):

Ci5

X
k

Lk wkiX
k

Lk

(6)

where w is either 1 for a wet cell or 0 for a dry cell and L is a likelihood weight that is assigned to each kth
simulation output and is calculated using equation (7):

Li5
Fk2min Fkð Þ

max Fkð Þ2min Fkð Þ
(7)

F is any measure of fit that indicates how well a simulated flood extent compares to the observed flood
extent. For more details, the reader is referred to Horritt [2006].

2. Methodology to Build VOI Maps Using PFMs

Two main stages are considered to produce VOI maps, namely processing stage and VOI map generation
stage. In the processing stage, the input data for the VOI calculations are prepared. It includes an assess-
ment of agent’s prior beliefs from a PFM, generation of a decision map, an assessment of the existing flood
map likelihood, and estimation of the matrix of consequences. In the VOI map-building stage, VOI is
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estimated using the formulations presented above and displayed using the same resolution of the PFM.
This stage is demonstrated in detail using a simplified numerical example.

2.1. Processing Stage
2.1.1. Assessment of Agent’s Prior Beliefs
PFMs are assumed to be the primary source about potential hazard information that decision-makers
(agents) adopt to make spatial planning decisions. When a flood event occurs, the actual inundated land
surface extent is known. It can be estimated from either wrack marks [Parkes et al., 2013] or remote sensing
techniques [Di Baldassarre et al., 2010; Horritt et al., 2001; Pal and Pal, 1993; Sali and Wolfson, 1992]. The
agent’s prior beliefs are updated based on the actual flood event situation and an opinion about the origi-
nal PFM quality is developed. If the original flood map was reasonably accurate, then most of the agent’s
decisions were ‘‘successful,’’ and therefore, the original flood map would be highly valued. On the contrary,
if the flood map was inaccurate, then most of the agent’s decisions would be ‘‘wrong,’’ thus the map is
poorly valued and it would probably not be reused.

In this context, PFMs represent encapsulated knowledge (or experience) that an agent has about a potential
flood event with specific characteristics. In other words, it may represent the agent’s perceived probability
(or prior belief) of a particular flood hazard. Each cell i of the map shows the associated probability of flood-
ing, P(w)i. Hence, given the probability of flooding, the associated prior belief vector is
Psi5 P wð Þi 12P wð Þi

� �� �
. If the flood extension is represented by a deterministic map d (Figure 1a), then

P(w) 5 1 for wet pixels and Ps5 1 0½ �. Alternatively, if the flood extension is represented by a PFM p
(Figure 1b) then the vector Psi can be obtained directly from this map. In the first case, the associated uncer-
tainty is ignored due to the binary (wet-dry) nature of the map [Pappenberger and Beven, 2006]. In the sec-
ond case, the agent would be aware of the residual probability of flooding as a result of a planning-related
decision.
2.1.2. Land Use Change Decision Map
Making land use change decisions during spatial planning in floodplains is a complex process; this entails
technical, political, economical, and social factors. In principle, for simplicity, we consider the decision
actions ‘‘urbanize’’ and ‘‘do not urbanize’’ as land use change decisions for urban development. The agent’s
dilemma is to make this decision for a given flood-prone area. Assuming that this decision is based only on

an available hazard map, the procedure to gener-
ate a decision map D from the existing d (deter-
ministic) and p (probabilistic) maps is as follows.
If d is used, the agent would only allow urban
development in dry areas of the map. Alterna-
tively, if p is used, the agent must subjectively
select a probability threshold q, depending on

Figure 2. (a) Decision map D derived from p map in Figure 1b with a threshold value of q 5 0.9. (b) Example of a real (observed) flood
extent map r.

Table 1. Land Use Change Decision Consequence Matrix

Cas

D1 (i.e., No Change in
Land Use)

D2 (i.e., Land Use
Class Change)

Flood c1 c2

No flood c3 c4
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the decision makers’ risk appetite (or aversion). In this way, a binary decision map D may be derived from p
as follows (see equation (8) and Figure 2a):

D51 ðurbanizeÞ if P < q

D50 ðdon’t urbanizeÞ otherwise

(
(8)

If the agent is risk-averse, a low threshold q will be chosen; if she is risk prone, a higher value of q would be
preferred. Although the proposed VOI method does not focus on the value of q but rather on the direct use
of PFMs in the decision-making process, the effect of this threshold in the resulting VOI map is explored in
this simplified example, below.
2.1.3. Assessment of Likelihoods
The value of a flood map can only be assessed following the occurrence of an actual flood event by com-
paring the real extent with the original map. However, during decision making, the real extent of a flood
event is unknown. This implies that it is impossible to update agent’s beliefs, and therefore, the quality of
the available flood map cannot be evaluated. To overcome this, it is assumed that the flood extent map
obtained from the ensemble analysis (used to produce the probabilistic map) is considered to be the closest
representation of an actual flood extent map r (see Figure 2b).

To quantitatively assess the quality of the flood map, the likelihood P(m|s) of receiving a particular message
m from the map (e.g., ith cell is wet) is evaluated. This is done for a particular state s (e.g., ith cell is flooded),
where the ith cell is a particular geographical location of the domain, as expressed in equation (9).

P mjsð Þ5

R1 \ D0

R1 \ D01R1 \ D1ð Þ
R1 \ D1

R1 \ D01R1 \ D1ð Þ
R0 \ D0

R0 \ D01R0 \ D1ð Þ
R0 \ D1

R0 \ D01R0 \ D1ð Þ

2
6664

3
7775 (9)

where R0 and R1 represent dry and wet cells, respectively, taken from map r, and D1 and D0 represent cells
to be either urbanized or not, respectively, taken from map D. Note that the rows of P(m|s) sum up to 1.

P(m|s) is a matrix that is related to the quality of a flood map. For a perfect flood map P mjsð Þ5
1 0

0 1

" #
,

which implies that the inundation status of all cells in the flood map coincide with the status of correspond-
ing cells in the observed flood extent map.
2.1.4. Estimation of the Consequence Matrix
To determine the consequence matrix (Cas), the consequences of different actions are analyzed for different
states. For each decision (for instance either to urbanize or not), it is necessary to estimate the outcomes of
the chosen decisions. The nature of these consequences depends upon the actual flood events. For
instance, monetary losses will be low for the decision not to urbanize in a specific area that eventually
remains dry during an actual flood event.

Table 1 summarizes possible consequences for a particular area with specific land use change decisions. In
general, two decisions, either D1 (no land use change) or D2 (land use change) can be considered. For the
simplified example, these decisions refer to the actions urbanize or not to urbanize. More land use change
decisions are discussed in the application of the methodology to an actual case study.

Consequences of these decisions can also be explained using the welfare trajectory impact framework pro-
posed by Green et al. [2011]. In Figure 3, the consequences of decisions are plotted in time and a potential
flood event is considered to happen at time tf. C refers to the decision of changing land use and F refers the
occurrence of flood; similarly, nC means that the decision was not to change and nF means that flood did
not occur. The combination of these situations makes four plausible scenarios C_F, C_nF, nC_F, and nC_nF.

An analysis of consequences resulting from land use change decisions is illustrated. At time t0 (i.e., Sa), two
decisions may be taken: either decision D1 (do not change land use) or decision D2 (implement land use
change). Consequently, depending on prior decisions, the state may be either Se or Sc, due to flood damage.
The no-change case (D1), with the occurrence of a flood (converging to Se), is taken as the baseline. Se repre-
sents the lowest possible gain over the period from planning (and decision-making) to the occurrence of a
flood event. For the consequence matrix, Se corresponds to c1 (no change and flood occurs, nC_F). However,
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if a flood occurred and land use changes had been implemented (C_F), the system would converge to Sc

with a resulting consequence (Se–Sc) 5 c2. For c3 (no land use change and flood occurs, nC_F), the resulting
consequence would be (Se–Sd). Lastly, c4 would be (Sb–Sd). This is also illustrated in Table 2.

2.2. VOI Map-Building Stage
In this section, the methodology is illustrated with a simplified numerical example. We assume two deci-
sions D1 and D2, namely ‘‘do not build’’ and ‘‘build’’ infrastructure in a floodplain. Outputs obtained in the
processing stage are used to estimate the VOI map based on a PFM. Suppose that a PFM p with 16 cells
(Figure 4a) is used to produce a decision map D. For this example, we subjectively assume a probability
threshold q 5 0.6 that implies floodplain development is permitted in areas where the probability of flood-
ing is less than 60% (Figure 4b). The level of risk aversion is dependent on a unique set of localized factors,
for instance, nature of the stakeholders, type of potential hazard, past experience, and frequency (and mag-
nitude of flood hazards). An actual flood event is assumed to have taken place, producing a flood extent r
(Figure 4c). For the succeeding discussion, cells are identified as shown in Figure 4d.

The consequence matrix (Cas) elements are described in Table 3 using sample values from Alfonso and Price
[2012].

Thus,

Cas5
c1 c2

c3 c4

" #
5

0 2100

250 0

" #

Calculation of VOI is presented for cell number 4 as follows. From the probabilistic map,

Ps45 0:2 0:8½ �

Thus, from equation (1),

u adb; psð Þ5030:21 250ð Þ30:85240

u ab; psð Þ5 2100ð Þ30:21030:85220

where the subindexes b and db refer to ‘‘build’’ and ‘‘do not build,’’ respectively. Therefore, the maximum util-
ity of actions before new information (real map) is;

max ð240;220Þ5220

Using the maps in Figures 4b and 4c, it can be seen
that R1 \ D054 (cells 12, 14, 15, and 16); R0 \ D052
(cells 11 and 13), R1 \ D152 (cells 4 and 8), and
R0 \ D158. From equation (9),

Table 2. Land-Cover Change Decision Consequences
(Estimated With Respect to Figure 3)

No Change Change

Flood c1 5 0 c2 5 nC_F – C_F
No flood c3 5 nC_F – nC_nF c45C_nF – nC_nF

Figure 3. Consequences of land use decisions explained using welfare trajectory concept (adapted from Green et al. [2011]).
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Message

Do not build (D1) Build (D2)

State Flood (r1) 4
ð412Þ50:67 2

ð412Þ50:33
Not Flood (r0) 2

ð218Þ50:20 8
ð218Þ50:80

Pðm=sÞ5
0:67 0:33

0:20 0:80

" #

If indexes b and db refer to build and do not build, respectively, then from equation (3):

Pdb
m 50:6730:2010:2030:8050:294

Pb
m50:3330:2010:8030:8050:706

Thus,

Pm5 0:294 0:706½ �

From equation (2), the revised beliefs are

Pðs=mÞ5

ð0:6730:20Þ
0:294

ð0:3330:20Þ
0:706

ð0:2030:80Þ
0:294

ð0:8030:80Þ
0:706

2
664

3
7755

0:456 0:093

0:544 0:907

" #

The expected utility after receiving new information (real flood event) is evaluated for each message using
equation (1),

u adb; p sjmdbð Þð Þ5030:4561 250ð Þ30:5445227:20

u adb; p sjmbð Þð Þ5030:0931 250ð Þ30:9075245:35

u ab; p sjmdbð Þð Þ5 2100ð Þ30:4561030:5445245:60

Figure 4. (a) Probabilistic map, from which a (b) decision map is generated using q< 0.6; (c) real (observed) flood extent; (d) cell identifica-
tion numbers.

Table 3. Land-Cover Change Consequences for the Numerical Example

Consequence
Value (Monetary Units)

[Alfonso and Price, 2012] Description

c1 and c4 0 No costs are involved when good decisions are made; i.e., build in dry areas and do
not build in wet areas

c2 2100 Worst-case damage scenario; wrongly deciding to build; buildings are destroyed
during a flood event.

c3 250 Wrongly deciding not to build in areas that do not get flooded
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u ab; p sjmbð Þð Þ5 2100ð Þ30:0931030:907529:30

The maximum utilities for the messages ‘‘build’’ and ‘‘do not build’’ are, then:

ub
max 5max 245:60;29:30ð Þ529:30

udb
max 5max 227:20;245:60ð Þ5227:20

From equation (4), the value of each message is, respectively,

Ddb
m 5227:202 220ð Þ527:20

Db
m529:302 220ð Þ510:70

Therefore, VOI of cell number 4 is, equation (5),

VOIcell450:2943 27:20ð Þ10:706310:7055:44

Figure 5a is obtained by repeating the above procedure for all the cells. Given that all decimal places are
now considered, a marginal difference is obtained for cell 4 (Figure 5a).

3. Discussion—Simplified Example

There are a few aspects worth noting in this example. First, for cells where prior beliefs are at extremes, VOI is
zero. This is the case of cells 1 and 2, where the agent’s prior belief is low, before a flood event occurs; simi-
larly, for cells 15 and 16, where the agent’s prior belief of getting flooded is high. This is in line with the iatro-
phobic-hypochondriac example. Second, for intermediate prior belief values, VOI becomes dependent on both
decision consequences and the probability of the messages. In particular, when the prior probability of the
state ‘‘flood’’ (the first element of vector Ps) is greater than the probability of getting a message ‘‘change’’ (the
second element of vector Pm), VOI is also zero; for instance, cells 10–14. In other words, the new message
does not change the decision-maker’s prior beliefs from keeping the actual land use at those cells.

A maximum value of 13.00 occurs at cell 5, which is characterized by Ps55 0:3 0:7½ �. The expected utility
of the outcome of the action (without new information) ‘‘build’’ is very close to the expected utility of the
outcome of the action ‘‘do not build.’’ This implies that it is not clear which decision must be made and
therefore additional information is necessary. VOI methodology does not give information about the suc-
cess of a decision, but rather on expected outcome of it.

It can be demonstrated that, for the values used in this example, the prior probability vector that gives
exactly the same expected utilities for both actions is Ps5[1/3

2/3], for which u(ab, ps) 5 u(adb, ps) 5 33.33.
This value denotes the point for which the decision turns from action ‘‘build’’ to action ‘‘do not build.’’

If this procedure is repeated varying q from 0.1 to 0.9 and averaging corresponding cell VOI values, Figure
5b is obtained. It is noted that cell number 5 has the highest relative value, which is an indication that addi-
tional information is required to make a decision, regardless of the type of decision-maker.

Expected utilities are dependent on the consequence matrix Cas, hence, it is necessary to evaluate its effect
on VOI. Consequently, Figure 6 was prepared by adopting different consequence matrices for a constant
value of q.

For symmetric consequence matrices, VOI is maximum for the cells 8 and 9 that had Ps values close to 0.5
(see Figure 4a). Furthermore, if consequences of an unsuccessful action Build-Flood are increasingly higher

than consequences of an unsuccessful action
No Build-No Flood, then the maximum VOI
results in cells that had a lower probability of
being wet (cells 1–8). Alternately, if conse-
quences of a successful action Build-No
Flood are higher than the consequences of a
successful action No Build-Flood, then the
maximum VOI is derived for cells that had
higher probabilities. This implies that the

Figure 5. (a) VOI map of the simplified example for q 5 0.6. (b) Average
VOI map for q varying from 0.1 to 0.9.
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higher the difference between alternate consequences of bad decisions, the more important prior beliefs

are in the VOI assessment. It is also observed that for Cas5
0 2100

25 0

" #
, VOI tends to zero, a result that is

replicated when any of the bad decisions have little or no consequence whatsoever.

In reality, this exercise is much more complex, as consequences may vary in space and time and there
might be more decision options. In order to account for these complexities, the methodology is applied to
a real case in the following section.

4. Case Study Ubaye Valley, Barcelonnette, France

4.1. Flood Hazard
The VOI methodology was applied to the floodplains of a 6 km reach of the Ubaye River (Ubaye valley, Bar-
celonnette, South France). The site is located in the Alps and is prone to flood hazard due to the presence
of settlements in its floodplains, which are protected by a series of embankments. In a general perspective,
floods can be broadly classified as riverine, urban (including flash and drainage floods), coastal, and dike
breach floods. Riverine floods are defined as excess unusual submersion of an area resulting from water
flow exceeding the capacity of the river conveyance channel. This can be caused by intense precipitation,
snow melt, debris entrapment, dike breaches, landslides. In this case study, floods hazards are classified
according to their seasonality as spring, summer and autumn floods. Summer and autumn floods are pre-
dominantly caused by intense rainfall and snow melt respectively. Hazard occurrence records show that
spring floods are the highest magnitude hazards, though accurate records of the magnitude of these events
are lacking due to conflicting records [Flageollet et al., 1996]. Nevertheless, they have been categorized as
destructive events. For this area, a combination of extreme precipitation and snow melt usually generate
large flood volumes that can overtop the embankments. This phenomenon is attributed to the steep con-
fined alpine basin shape and numerous creeks that drain into the main channel. A combination of intense
mountain-Mediterranean climate and melting alpine snow results in a rapid river response [Flageollet et al.,
1996]. In June 1957, a high-magnitude flood event caused by scouring and subsequent dike breach,
obstruction of flow at the bridges, and overtopping of the embankments was experienced [Flageollet et al.,
1996]. This maximum historical flood hazard event has been used for spatial planning for this case study area
[RTM, 2009] and was adopted as the basis of flood hazard simulations for this study.

A 2-D hydraulic flood inundation model in Lisflood-FP [Bates et al., 2010; Neal et al., 2012] was setup for
flood hazard simulations. Model input topography data were generated from LiDAR data captured in
November 2011, which was supplemented by actual field cross-sections measurements of the river geome-
try by RTM (‘‘Restauration des terrains des montagne’’). Postevent analysis of the 1957 flood shows that peak

Figure 6. VOI of simplified example for different consequence matrices Cas.
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flow values for this event are significantly uncertain, potentially ranging from 420 to 480 m3/s [RTM, 2009].
Other studies such as Di Baldassarre and Montanari [2009] have shown that the uncertainty in the input dis-
charge may vary up to approximately 640%.

4.2. Processing Stage
4.2.1. Prior Beliefs
The methodology is demonstrated in this paper using a PFM generated, as described in the introduction. A
total of 100 model simulations were run in a Monte Carlo framework taking into account hydrological
uncertainty (upstream boundary) for the maximum historical flood event (Figure 7). Consequently, the PFM
map was used to derive Ps, similar to Figure 1b. As stated above, this historical flood event has been used to
develop spatial planning regulations, with regards to the flood component of natural hazards [RTM, 2009].
However, an important clarification is that the proposed methodology can easily be replicated for the case
of PFMs generated for different flood magnitudes, depending on the natural hazard effect mitigation poli-
cies of a particular region. The effect of different PFMs generated with different flood magnitudes on the
VOI maps is of interest, in particular, for flood risk assessment studies, and this is recommended for future
research.

Many cases in scientific literature demonstrate that hydraulic models have been successfully validated using
precise and accurate measurements of flood extent [Di Baldassarre and Claps, 2010; Horritt and Bates, 2002;
Horritt et al., 2007]. Based on these outcomes, we assume a 90% confidence level to cater for unavoidable
uncertainty in model simulations. This assumption justifies the use of the P(m|s) matrix in equation (9) as:

P mjsð Þ5
0:9 0:1

0:1 0:9

" #
(10)

4.2.2. Land Use Change Decisions
Land use maps of the study area from the years 1974 and 2000 were used to identify land use change deci-
sions within that period. Land use classes that were considered were fallow, agricultural, and urban areas.
For subsequent analysis of consequences, the binary decisions ‘‘change’’ (based on areas with different land
use in 1974 compared to 2000) and ‘‘no change’’ (based on areas that remained the same during this
period) were used (Figure 8).

Figure 7. Inundation probability map for Ubaye valley (Barcelonnette).

Table 4. Example of Cas (in Eur/m2) for Selected Floodplain Locations

Inundation Probability (Ps) Se Sd Sb Sc Land Use Change VOI

0.46 216.78 1.32 234.66 227.89 Agriculture-Urban High
0.72 208.8 234.66 16.17 215.43 Fallow-Urban Medium
0.59 16.17 16.17 0.66 0.35 Agriculture-Agriculture Low
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4.2.3. Consequence Matrix
To achieve trajectories Sa–Sc and Sa–Se in Figure 3, an assessment of the damage consequence as a result of
the flood hazard is carried out using the KULTURisk methodology [Giupponi et al., 2015; Ronco et al., 2014,
2015], where the concept of (flood) risk is considered as the combination of hazard, exposure, and vulner-
ability. Damage calculation is a function of the receptor exposure and susceptibility to the magnitude of the
flood hazard. Value factors were determined in terms of either willingness to pay or monetary value of the
receptor. Gains accruing from land use classes of agricultural, urban fallow areas were obtained using
equation (11).

Pt5P0 11ið Þn (11)

where Pt is the current state of the floodplain development assuming that the accruing benefits (P0) appre-
ciate at an interest rate of i for n years. Over the period for which land use changes were analyzed, an appre-
ciation rate of 3% [CGED, 2015; INSEE, 2006] was used for the floodplain receptors. Gains are based on the
following assumptions: agricultural yields, calculated as the value of the wheat yield per unit area [Brisson
et al., 2010; Messner et al., 2007], are taken as the agricultural benefits. Ecosystem services of fallow land are
assumed to have a value of 35% of the agricultural benefit and service delivery accruing from urban areas is
taken as 25% of the value of the structures in the urban areas [Kok, 2001], assuming a direct relationship
between structural investment costs and corresponding service delivery trade volume.

Following the KULTURisk project methodology to evaluate the benefits of flood hazard prevention
[Giupponi et al., 2015; Ronco et al., 2014], a physical and an economic assessment is done, taking into
account receptors (buildings, agriculture, and infrastructure). The consequences of these different land use
decision scenarios are estimated as shown in Table 2 for each cell in the domain. Flood damage assessment
is largely affected by uncertainty from several sources such as monetary value of floodplain elements. These
values are highly localized and are characterized by temporal fluctuations. Validation of flood damage
assessment can be done by comparing calculated damages with actual recorded monetary damage values.
However, these damages are most often under reported and unavailable [Kreibich et al., 2014]; this was the
case in this study. Examples of the resulting consequence matrix for selected locations are presented in
Table 4. Ps was derived from the probabilistic map while c represents the magnitude of the consequence.
Land-cover changes and magnitude of the VOI at those locations are also indicated.

Figure 8. Land use change decision map in 2000 with respect to 1974.
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4.3. Discussion VOI-Map and PPR
The results obtained during the processing stage, namely Ps, P(m|s), and Cas, are used to estimate how valu-
able information would have been in 1974 to make a decision on land use planning in the future. From the
resulting VOI map (Figure 9), it is observed that high values of VOI are obtained where land use change was
from fallow to urban, implying significant investment in this location.

Empirical PFMs encapsulate information regarding a flood hazard event. This information may be based on
a multiplicity of error sources and hydrological scenarios, hence is an analysis of several possible inundation
scenarios that are weighted according to accuracy. Similar to the simplified example, VOI is only valid where
prior belief of flooding is in the range Ps 5 (0, 1) and is zero otherwise. Therefore, the process of generating
a probabilistic map should be exhaustive enough to represent dominant sources of uncertainty and several
possible model realizations. This case study, exemplifies benefits of identifying spatial locations that require

Figure 9. Value of Information map with zoomed-in sections showing PFM and corresponding land use changes (PPR (Plan de Pr�evention
des Risques) map extracted from RTM [2009]).
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additional information, i.e., where VOI is high. Interestingly, areas with high VOI values are located in zones
where authorization to develop the land is required, according to the PPR (Plan de Pr�evention des Risques,
i.e., Risk Prevention Plan) in Figure 10.

The PPR is a French statutory land planning control measure that is a result of a law on natural disasters
enacted in 1982 that encourages the development of local hazard mitigation plans. These maps contain
three regulatory spatial zones, identified by colors, namely red (restricted), blue (regulated), and white (unre-
stricted) [Evrard et al., 2010; Greiving and Angignard, 2014]. On the basis of the PPR map [RTM, 2009], Figures
9 and 10, it can be stated that the VOI approach has a potential to evaluate areas in the floodplain where
extra information is needed to make a final decision. In this case, a hazard mitigation plan would be
required to assess the proposed development [Parisi, 2002; Pottier et al., 2005].

To understand the relationship between VOI and floodplain characteristics with respect to probabilities and
consequences, floodplain locations with varying VOI are summarized in Figures 11 and 12, where median
values in red and the interquartile ranges are in blue are shown in each box plots. The whiskers are plotted

Figure 10. PPR (Plan de Pr�evention des Risques) map [RTM, 2009] showing zones for restricted, regulated, and unrestricted development in
the case study area.

Figure 11. VOI magnitudes and floodplain decision consequences Sd, Se, Sb, and Sc refer to states no change-not flooded, no change-flooded, change-no flood, and change-flooded (Figure 3).
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as 1.5 times the interquartile range
above and below the first and third
quartiles; data points beyond these
whiskers are considered to be outliers
and are plotted as crosses. These fig-
ures were generated following the clas-
sification of the VOI values into five
equal width classes, ranging from zero
to the maximum (90 Eur/m2). The
labels of the classes are: Low 5 (0, 18],
Medium 5 (36, 54], and High 5 (72, 90].
The intermediate classes are displayed
in the figures but are not labeled.

From Figure 11, areas with low values
of VOI are characterized by low conse-
quence impacts at floodplain loca-

tions. As the VOI increases, the uncertainty in consequences reduces, evident in the lower interquartile
ranges and outliers. Additionally, this output is intuitive, whereby as potential consequences increase so
does the VOI. Table 4 and Figure 12 show that areas with a probability inundation approximately equal to
0.5 result in high values of VOI. This implies that for areas with considerable change (and high damages dur-
ing floods) as well as high inundation uncertainty result in high VOI values. Hence, additional monitoring at
these locations is requisite to make a final decision. Furthermore, Figure 12 also shows that several combi-
nations of consequences and probabilities yield low VOI; however, a clear pattern develops from medium
to high VOI with lower outliers. For instance, the probabilities tend progressively to 0.5 for high values of
VOI. This is similar to the simplified example where inundation probabilities close to 0.5 imply that there is
an equiprobable chance of making a decision with a correspondingly high consequence, hence a high VOI.
Thus, any additional piece of information that can guide the decision-maker is valued given that the uncer-
tainty of the inundation probability approximates the maximum.

5. Conclusions

This paper presents a novel methodology based on the concept of Value of Information (VOI) to explore the
use of uncertain information, represented in PFMs, in floodplain decision-making planning. The output of
this method is a VOI map, a tool that depicts floodplain areas where additional information is required to
assist spatial planning decision-making. The VOI concept incorporates flood hazard probability and poten-
tial consequences of floodplain land use change decisions, given either the occurrence or not of a hazard-
ous event. In this regard, a VOI map may be seen as a potential complement of risk maps.

For the simplified example, we assessed the additional information in terms of an observed flood map while
for the actual example, we assessed the VOI with regard to the confidence of the flood map modeling tool,
in this case, a 2-D hydraulic model. This method explicitly accounts for uncertainty in flood inundation mod-
eling that is graphically represented in PFMs. These sources of uncertainty are not limited to input uncer-
tainty but also could be extended to other sources such as topographic and parametric uncertainty. Thus,
the methodology can be termed as robust having evaluated several probable flood modeling outcomes
that are encapsulated in empirical PFMs.

Areas for which PFMs show definitive probabilities such as 1 (river) and 0 (dry land) result in Value of
Information equal to zero, and therefore decision to develop such area are straightforward, in view of flood
hazard. On the contrary, the most difficult decisions are to be made in areas where the probabilistic map
value is around 0.5 and simultaneously, where the consequences of bad decisions are equally important.
Besides, the combination of low consequences of actions and high probabilities of inundation results in low
VOI values. This is in line with the iatrophobic-hypochondriac example presented in the introduction. Our
results also point to an increase in the VOI for floodplain locations that have potential high land use change
consequences with corresponding high uncertainty of inundation probability.

Figure 12. VOI magnitude classes and inundation probabilities.
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For the case of Barcelonnette, areas with significant land use changes (e.g., fallow to urban) result in rela-
tively high VOI values, due to the high consequences of such decision (increase of potential flood damage
in flood-prone areas). This implies that more information, for instance, in the form of a hazard mitigation
plan, is required to grant land use change authorization at these locations. On the other hand, low VOI val-
ues are obtained at areas where consequences are relatively independent to the set of available actions,
which means that the expected utilities of all available decisions have marginal differences.

Validation of the VOI method in this case was based on the congruence of locations with high values of
information and the regulatory (blue) PPR zone for which, similar to VOI, additional justification is sort prior
to infrastructure development. However, it is noted that flood damage consequence validation is challeng-
ing due to a general lack of consistent observed flood damage estimates.

According to the results obtained for the case study, and following the welfare trajectory concept for the
consequences of land use change decisions, a rational decision to always develop seems preferable. This is
because the negative impacts of the flood event do not fall below the worst-case scenario reference,
namely ‘‘do nothing’’ and ‘‘flood occurs.’’ However, this is a sensitive issue with regards to categorizing dam-
ages, most especially if loss of life is explicitly accounted for.

In many areas of the world, such as the specific case study analyzed here, floodplain planning and regula-
tions are actually based on flood inundation maps that refer to a specific historical reference event. Flood-
plain planning, however, should also be based on a comprehensive flood risk assessment. As the proposed
methodology considers additional dimensions such as the temporal consequences of decisions and their
impacts on possible future system states, synergies between VOI and flood risk assessment methodologies
are worth exploring in future research.

Currently, ongoing research is focused on the use of the methodology developed within the recently final-
ized EU-FP7 KULTURisk, to account for indirect and intangible costs as factors that influence the decision-
making. Simultaneously, current efforts are being concentrated on exploring how VOI maps may change if
decision-makers deviate from rational decisions, as suggested by Prospect Theory.

Notation

am action that is chosen given a particular message m.
a0 action that would have been chosen without additional information.
IS information service.
n number of records of the time series.
N number of calculation points used to model the water system.
m message or information generated by a monitor, sensor or measuring device.
Ps perception, in probabilistic terms, of having a particular state, s, in the system.
P(s|m) posterior or updated perception about the state s given the message m.
P(m|s) likelihood of receiving the message m, given the state s.
Pm unconditional probability of receiving a message m.
s state of the water system at a particular point.

References
Alfonso, L. (2010), Optimisation of Monitoring Networks for Water Systems: Information Theory, Value of Information and Public Participation,

CRC Press, Delft Univ. of Technology, Delft, Netherlands.
Alfonso, L., and R. Price (2012), Coupling hydrodynamic models and value of information for designing stage monitoring networks, Water

Resour. Res., 48, W08530, doi:10.1029/2012WR012040.
Alfonso, L., and M. Tefferi (2015), Effects of uncertain control in transport of water in a river-wetland system of the low Magdalena River,

Colombia, in Transport of Water Versus Transport Over Water, edited by C. Ocampo-Martinez and R. R. Negenborn, pp. 131–144, Springer,
Switzerland, doi:10.1007/978-3-319-16133-4_8.

Alfonso, L., A. Lobbrecht, and R. Price (2010), Optimization of water level monitoring network in polder systems using information theory,
Water Resour. Res., 46, W12553, doi:10.1029/2009WR008953.

Alfonso, L., L. He, A. Lobbrecht, and R. Price (2013), Information theory applied to evaluate the discharge monitoring network of the
Magdalena River, J. Hydroinformatics, 15(1), 211–228.

Ammar, K., M. McKee, and J. Kaluarachchi (2009), Bayesian method for groundwater quality monitoring network analysis, J. Water Resour.
Plann. Manage., 137, 51–61.

Arnell, N., and S. Gosling (2014), The impacts of climate change on river flood risk at the global scale, Clim. Change, 1–15, doi:10.1007/
s10584-014-1084-5.

Acknowledgment
This work was supported by EC-FP7
KULTURisk project grant 265280, and
partially supported by EC-FP7
WeSenseIt, grant 308429. Requisite
data to calculate the VOI, i.e., the prior
beliefs (i.e., probabilistic map) and the
consequence maps are provided as
supporting information. We would like
to thank Francesco Dottori, Jean-
Philippe Malet, and Thom Bogaard for
useful discussions and comments.

Water Resources Research 10.1002/2015WR017378

ALFONSO ET AL. PROBABILISTIC FLOOD MAPS TO SUPPORT DECISION-MAKING: VOI-MAP 16

http://dx.doi.org/10.1029/2012WR012040
http://dx.doi.org/10.1007/978-3-319-16133-4_8
http://dx.doi.org/10.1029/2009WR008953
http://dx.doi.org/10.1007/s10584-014-1084-5
http://dx.doi.org/10.1007/s10584-014-1084-5


Aronica, G., B. Hankin, and K. Beven (1998), Uncertainty and equifinality in calibrating distributed roughness coefficients in a flood propa-
gation model with limited data, Adv. Water Resour., 22(4), 349–365, doi:10.1016/S0309-1708(98)00017-7.

Bates, P. D., M. S. Horritt, G. Aronica, and K. Beven (2004), Bayesian updating of flood inundation likelihoods conditioned on flood extent
data, Hydrol. Processes, 18(17), 3347–3370, doi:10.1002/hyp.1499.

Bates, P. D., M. S. Horritt, and T. J. Fewtrell (2010), A simple inertial formulation of the shallow water equations for efficient two-
dimensional flood inundation modelling, J. Hydrol., 387(1), 33–45.

Borisova, T., J. Shortle, R. D. Horan, and D. Abler (2005), Value of information for water quality management, Water Resour. Res., 41, W06004,
doi:10.1029/2004WR003576.

Bouma, J. A., H. J. van der Woerd, and O. J. Kuik (2009), Assessing the value of information for water quality management in the North Sea,
J. Environ. Manage., 90(2), 1280–1288.

Brisson, N., P. Gate, D. Gouache, G. Charmet, F.-X. Oury, and F. Huard (2010), Why are wheat yields stagnating in Europe? A comprehensive
data analysis for France, Field Crops Res., 119(1), 201–212.

CGED (2015), �Evolution du prix de l’immobilier �a la vente et �a la location (appartements et maisons), Historique de 1936 �a 2015 en France et de
1200 �a 2015 �a Paris, edited. [Available at http://www.cgedd.developpement-durable.gouv.fr/prix-immobilier-evolution-1200-a1048.
html, accessed 15 Feb. 2015.]

Di Baldassarre, G., and P. Claps (2010), A hydraulic study on the applicability of flood rating curves, Hydrol. Res., 42(1), 10–19.
Di Baldassarre, G., and A. Montanari (2009), Uncertainty in river discharge observations: A quantitative analysis, Hydrol. Earth Syst. Sci., 13(6), 913–921.
Di Baldassarre, G., G. Schumann, P. D. Bates, J. E. Freer, and K. J. Beven (2010), Flood-plain mapping: A critical discussion of deterministic

and probabilistic approaches, Hydrol. Sci. J., 55(3), 364–376.
Dottori, F., G. Di Baldassarre, and E. Todini (2013), Detailed data is welcome, but with a pinch of salt: Accuracy, precision, and uncertainty in

flood inundation modeling, Water Resour. Res., 49, 6079–6085, doi:10.1002/wrcr.20406.
Evrard, O., C. Heitz, M. Liegeois, J. Boardman, K. Vandaele, A. V. Auzet, and B. van Wesemael (2010), A comparison of management

approaches to control muddy floods in central Belgium, northern France and southern England, Land Degrad. Dev., 21(4), 322–335.
Flageollet, J.-C., O. Maquaire, and D. Weber (1996), The temporal stability and activity of landslides in Europe with respect to climatic

change: the Barcelonnette study case, Final National Report, in The Temporal Stability and Activity of Landslides in Europe with respect to
Climatic Change, CEC- Programme TESLEC EV5V-CT94-0454, edited by R. Dikau, pp. 27–86, European Commission, Brussels.

Giupponi, C., V. Mojtahed, A. K. Gain, C. Biscaro, and S. Balbi (2015), Integrated risk assessment of water related disasters, in Hydro-Meteoro-
logical Hazards, Risks, and Disasters, edited by P. Paron and G. Di Baldassarre, pp. 163–200, Elsevier, Boston.

Green, C., C. Viavattene, and P. Thompson (2011), Guidance for assessing flood losses, Final Rep. WP6.1, Flood Hazard Res. Cent.–Middlesex
Univ., London, U. K.

Greiving, S., and M. Angignard (2014), Disaster mitigation by spatial planning, in Mountain Risks: From Prediction to Management and Gover-
nance, edited by T. Van Asch et al., pp. 287–302, Springer, Dordrecht, Netherlands, doi:10.1007/978-94-007-6769-0_10.

Hall, J., S. Tarantola, P. Bates, and M. Horritt (2005), Distributed sensitivity analysis of flood inundation model calibration, J. Hydraul. Eng.,
131(2), 117–126, doi:10.1061/(ASCE)0733-9429(2005)131:2(117).

Hirabayashi, Y., R. Mahendran, S. Koirala, L. Konoshima, D. Yamazaki, S. Watanabe, H. Kim, and S. Kanae (2013), Global flood risk under
climate change, Nat. Clim. Change, 3(9), 816–821, doi:10.1038/nclimate1911.

Hirshleifer, J., and J. G. Riley (1979), The analytics of uncertainty and information-an expository survey, J. Econ. Lit., 17(4), 1375–1421.
Horritt, M. (2006), A methodology for the validation of uncertain flood inundation models, J. Hydrol., 326(1), 153–165.
Horritt, M., and P. Bates (2002), Evaluation of 1D and 2D numerical models for predicting river flood inundation, J. Hydrol., 268(1), 87–99.
Horritt, M., D. Mason, and A. Luckman (2001), Flood boundary delineation from synthetic aperture radar imagery using a statistical active

contour model, Int. J. Remote Sens., 22(13), 2489–2507.
Horritt, M., G. Di Baldassarre, P. Bates, and A. Brath (2007), Comparing the performance of a 2-D finite element and a 2-D finite volume

model of floodplain inundation using airborne SAR imagery, Hydrol. Processes, 21(20), 2745–2759.
Howard, R. A. (1966), Information value theory, IEEE Trans. Syst. Sci. Cybern., 2(1), 22–26.
Howard, R. A. (1968), The foundations of decision analysis, IEEE Trans. Syst. Sci. Cybern., 4(3), 211–219.
Institut National De La Statistique Et Des Etudes Economiques (INSEE) (2006), Cost of Construction Index, Paris, France. [Available at http://

www.insee.fr, accessed 11 Sep. 2014.]
Kahneman, D., and A. Tversky (1979), Prospect theory: An analysis of decision under risk, Econometrica, 47, 263–291.
Khader, A., D. Rosenberg, and M. McKee (2012), A decision tree model to estimate the value of information provided by a groundwater

quality monitoring network, Hydrol. Earth Syst. Sci. Discuss., 9(12), 13,805–13,837, doi:10.5194/hessd-9-13805-2012.
Kok, M. (2001), Stage-damage functions for the Meuse River Floodplain, Communication Paper to the Joint Research Centre (JRC), Ispra, Italy,

10 pp.
Kreibich, H., J. C. van den Bergh, L. M. Bouwer, P. Bubeck, P. Ciavola, C. Green, S. Hallegatte, I. Logar, V. Meyer, and R. Schwarze (2014),

Costing natural hazards, Nat. Clim. Change, 4(5), 303–306.
Krzysztofowicz, R. (2001), The case for probabilistic forecasting in hydrology, J. Hydrol., 249(1), 2–9.
Li, C., V. P. Singh, and A. K. Mishra (2012), Entropy theory-based criterion for hydrometric network evaluation and design: Maximum infor-

mation minimum redundancy, Water Resour. Res., 48, W05521, doi:10.1029/2011WR011251.
Lung, T., C. Lavalle, R. Hiederer, A. Dosio, and L. M. Bouwer (2013), A multi-hazard regional level impact assessment for Europe combining

indicators of climatic and non-climatic change, Global Environ. Change, 23(2), 522–536, doi:10.1016/j.gloenvcha.2012.11.009.
Merz, B., A. H. Thieken, and M. Gocht (2007), Flood risk mapping at the local scale: Concepts and challenges, in Flood Risk Management in

Europe, edited by S. Begum, M. F. Stive, and J. Hall, pp. 231–251, Springer, Dordrecht, Netherlands, doi:10.1007/978-1-4020-4200-3_13.
Messner, F., E. Penning-Rowsell, C. Green, V. Meyer, S. Tunstall, and A. van der Veen (2007), Evaluating flood damages: Guidance and

recommendations on principles and methods, FLOODsite Rep. T09-06-01, 176 pp., FLOODsite Consortium, Wallingford, U. K.
Mohleji, S., and R. Pielke (2014), Reconciliation of trends in global and regional economic losses from weather events: 1980–2008, Nat.

Hazards Rev., 15(4), 04014009, doi:10.1061/(ASCE)NH.1527-6996.0000141.
Montanari, A. (2007), What do we mean by ‘uncertainty’? The need for a consistent wording about uncertainty assessment in hydrology,

Hydrol. Processes, 21(6), 841–845, doi:10.1002/hyp.6623.
Neal, J., G. Schumann, and P. Bates (2012), A subgrid channel model for simulating river hydraulics and floodplain inundation over large

and data sparse areas, Water Resour. Res., 48, W11506, doi:10.1029/2012WR012514.
Pal, N. R., and S. K. Pal (1993), A review on image segmentation techniques, Pattern Recognition, 26(9), 1277–1294.
Pappenberger, F., and K. J. Beven (2006), Ignorance is bliss: Or seven reasons not to use uncertainty analysis, Water Resour. Res., 42,

W05302, doi:10.1029/2005WR004820.

Water Resources Research 10.1002/2015WR017378

ALFONSO ET AL. PROBABILISTIC FLOOD MAPS TO SUPPORT DECISION-MAKING: VOI-MAP 17

http://dx.doi.org/10.1016/S0309-1708(98)00017-7
http://dx.doi.org/10.1002/hyp.1499
http://dx.doi.org/10.1029/2004WR003576
http://www.cgedd.developpement-durable.gouv.fr/prix-immobilier-evolution-1200-a1048.html
http://www.cgedd.developpement-durable.gouv.fr/prix-immobilier-evolution-1200-a1048.html
http://dx.doi.org/10.1002/wrcr.20406
http://dx.doi.org/10.1007/978-94-007-6769-0_10
http://dx.doi.org/10.1061/(ASCE)0733-9429(2005)131:2(117)
http://dx.doi.org/10.1038/nclimate1911
http://www.insee.fr
http://www.insee.fr
http://dx.doi.org/10.5194/hessd-9-13805-2012
http://dx.doi.org/10.1029/2011WR011251
http://dx.doi.org/10.1016/j.gloenvcha.2012.11.009
http://dx.doi.org/10.1007/978-1-4020-4200-3_13
http://dx.doi.org/10.1061/(ASCE)NH.1527-6996.0000141
http://dx.doi.org/10.1002/hyp.6623
http://dx.doi.org/10.1029/2012WR012514
http://dx.doi.org/10.1029/2005WR004820


Pappenberger, F., K. Beven, M. Horritt, and S. Blazkova (2005), Uncertainty in the calibration of effective roughness parameters in HEC-RAS
using inundation and downstream level observations, J. Hydrol., 302(1–4), 46–69, doi:10.1016/j.jhydrol.2004.06.036.

Parisi, V. R. (2002), Floodplain management and mitigation in France, paper presented at Report on Disaster Mitigation in Urbanized Areas
Workshop, Paris.

Parkes, B. L., H. L. Cloke, F. Pappenberger, J. Neal, and D. Demeritt (2013), Reducing inconsistencies in point observations of maximum
flood inundation level, Earth Interact., 17, 1–27.

Pottier, N., E. Penning-Rowsell, S. Tunstall, and G. Hubert (2005), Land use and flood protection: Contrasting approaches and outcomes in
France and in England and Wales, Appl. Geogr., 25(1), 1–27.

Ramirez, J., W. L. Adamowicz, K. W. Easter, and T. Graham-Tomasi (1988), Ex post analysis of flood control: Benefit-cost analysis and the
value of information, Water Resour. Res., 24(8), 1397–1405.

Reichard, E. G., and J. S. Evans (1989), Assessing the value of hydrogeologic information for risk-based remedial action decisions, Water
Resour. Res., 25(7), 1451–1460.

Roberts, M. J., D. Schimmelpfennig, M. J. Livingston, and E. Ashley (2009), Estimating the value of an early-warning system, Rev. Agric. Econ.,
31(2), 303–329.

Rodriguez-Iturbe, I., and J. M. Mejia (1974), The design of rainfall networks in space and time, Water Resour. Res., 10(4), 713–728.
Romanowicz, R., and K. Beven (2003), Estimation of flood inundation probabilities as conditioned on event inundation maps, Water Resour.

Res., 39(3), 1073, doi:10.1029/2001WR001056.
Ronco, P., V. Gallina, S. Torresan, A. Zabeo, E. Semenzin, A. Critto, and A. Marcomini (2014), The KULTURisk Regional Risk Assessment meth-

odology for water-related natural hazards – Part 1: Physical–environmental assessment, Hydrol. Earth Syst. Sci., 18(12), 5399–5414, doi:
10.5194/hess-18-5399-2014.

Ronco, P., M. Bullo, S. Torresan, A. Critto, R. Olschewski, M. Zappa, and A. Marcomini (2015), KULTURisk regional risk assessment methodol-
ogy for water-related natural hazards—Part 2: Application to the Zurich case study, Hydrol. Earth Syst. Sci., 19(3), 1561–1576, doi:
10.5194/hess-19-1561-2015.

RTM (2009), Plan de Prevention des Risques Naturels Previsibles- Note de Presentation - Commune de Barcelonnette [in French], report no
2009-2699, Serv. Dep. de Restauration des Terrains en Montagne des Alpes de Haute-Provence, Haute-Provence, France.

Sali, E., and H. Wolfson (1992), Texture classification in aerial photographs and satellite data, Int. J. Remote Sens., 13(18), 3395–3408.
Samuel, J., P. Coulibaly, and J. Kollat (2013), CRDEMO: Combined regionalization and dual entropy-multiobjective optimization for hydro-

metric network design, Water Resour. Res., 49, 8070–8089, doi:10.1002/2013WR014058.
Sayers, P., G. Galloway, E. Penning-Rowsell, L. Yuanyuan, S. Fuxin, C. Yiwei, W. Kang, T. Le Quesne, L. Wang, and Y. Guan (2015), Strategic

flood management: Ten ‘golden rules’ to guide a sound approach, International Journal of River Basin Management, 13(2), 137–151, doi:
10.1080/15715124.2014.902378.

Shaghaghian, M., and M. Abedini (2013), Rain gauge network design using coupled geostatistical and multivariate techniques, Sci. Iranica,
20(2), 259–269.

Shaqadan, A. (2008), Decision analysis considering welfare impacts in water resources using the benefit transfer approach, PhD disserta-
tion, Utah State Univ., Logan.

Solomatine, D. P., and D. L. Shrestha (2009), A novel method to estimate model uncertainty using machine learning techniques, Water
Resour. Res., 45, W00B11, doi:10.1029/2008WR006839.

Verkade, J., and M. Werner (2011), Estimating the benefits of single value and probability forecasting for flood warning, Hydrol. Earth Syst.
Sci. Discuss, 8, 6639–6681.

Von Neumann, J., and O. Morgenstern (1947), Theory of Games and Economic Behavior, Princeton Univ. Press, Princeton, N. J.
Wagner, J. M., U. Shamir, and H. R. Nemati (1992), Groundwater quality management under uncertainty: Stochastic programming

approaches and the value of information, Water Resour. Res, 28(5), 1233–1246.

Water Resources Research 10.1002/2015WR017378

ALFONSO ET AL. PROBABILISTIC FLOOD MAPS TO SUPPORT DECISION-MAKING: VOI-MAP 18

http://dx.doi.org/10.1016/j.jhydrol.2004.06.036
http://dx.doi.org/10.1029/2001WR001056
http://dx.doi.org/10.5194/hess-18-5399-2014
http://dx.doi.org/10.5194/hess-19-1561-2015
http://dx.doi.org/10.1002/2013WR014058
http://dx.doi.org/10.1080/15715124.2014.902378
http://dx.doi.org/10.1029/2008WR006839

	l
	l
	l
	l
	l
	l
	l
	l

