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Abstract: This paper presents a new Fuzzy Dynamic 
Programming model that calculates the optimum solution 
of problems with uncertainties in data defined by fuzzy 
sets. The result includes the determination of an Intrinsic 
Risk Threshold of the solution. Extrinsic Risk Thresholds 
may also be set by a decision maker, in order to obtain 
more robust solutions. The technique is applied to the 
calculation of Distribution System expansion costs to serve 
the objectives of a Regulatory Authority in fixing levels of 
efficiency, targets and penalties to a regulated market.  

Keywords: Distribution Planning; Fuzzy Dynamic 
Programming; Risk Analysis, Risk Threshold. 

1. INTRODUCTION 

Distribution expansion planning is no longer an activity 
that only interests utilities. In a market environment, where 
several actors may participate or contribute to the evolution 
of distribution systems, also regulators have the need to 
evaluate the impacts and costs of this evolution. 

This is especially relevant when the regulator wishes to 
define a theoretical case for distribution expansion costs, in 
order to be able to compare the actual performance of an 
utility with such reference - this may allow the 
establishment of efficiency measures that may have 
consequences on the rewards allowed to the distribution 
utilities, on the assessment of added costs induced by 
external factors or in fixing penalties. 

However, the definition of a theoretically optimal 
expansion cost is not easy, not only because of the 
complexity of the problem but also due to the level of 
uncertainties present in data and in forecasts. Therefore, 
one must develop models where these uncertainties are 
recognized and treated as such. 

But the incorporation of uncertainties in a system 
expansion model where decisions are sequentially made 
cannot be done without considering risks associated with 
such decisions. Besides, many of the uncertainties are not 
of probabilistic or stochastic nature and should not be 
represented as such - in this case, representing uncertainties 
by Fuzzy Sets is an alternative. 

In this paper, a solution to a long term distribution 
expansion planning problem is proposed, from the 
perspective of a regulator. Along several stages in time, 
one searches for the set of decisions (associated with 
investment costs – new lines, new substations - and 
operation costs - namely power losses) that “optimize” the 
global cost of system development. However, because of 
uncertainties (in power demand, in equipment costs…) this 
goal cannot be achieved: depending of the instantiated 

values for data with uncertainty, the optimal decisions may 
vary.  

In the work reported in this paper, the development of a 
distribution system is simulated,  according to a Dynamic 
Programming principle. This simulation intends to retain 
the set of decisions that may be optimal in distinct 
scenarios, in order to seek the sequence of decisions that 
may display as much as possible a degree of immunity to 
uncertainties. These sets of decisions may be seen as a 
fuzzy trajectory through system state space. By establishing 
thresholds delimiting admissible from inadmissible risk 
levels, one is able to control the size of the corresponding 
optimizing fuzzy trajectory. 

This is a Risk Analysis paradigm approach - decisions 
are selected in order to minimize the possible regret felt, in 
case the future demonstrates that the decision made was not 
optimal. In the following sections, the model will be 
described and  its usefulness illustrated. 

2. DISCUSSING FUZZY DYNAMIC 
PROGRAMMING 

There is an algorithm in the class of Dynamic 
Programming[1] (called Fuzzy Dynamic Programming) 
that allows the calculation of an optimum of certain 
problems that include uncertainties, modeled as fuzzy sets, 
in constraints and objective function  – following the 
Optimality Principle of Bellman-Zadeh[2]. This principle 
leads to the calculation of a maximizing decision 
(maximizing a membership degree) over the intersection of 
objective and constraints. 

However, the result offered by this approach is still a 
simple trajectory over a deterministic or crisp space of 
system states. Therefore, there is not an explicit account of 
risk in the decision making process, and a decision maker 
can only implicitly consider it by defining an order of 
importance or hierarchy in the problem criteria 
[3],[4],[5],[6]. In this sense, the notion of risk is more 
dependent on the relative aversion of the planner to criteria 
than on the Structure of Uncertainties of the problem. 

In the following paragraphs an alternative Dynamic 
Programming approach is presented, where the 
uncertainties, under the form of fuzzy numbers, condition 
the search for optimizing strategies in a space of fuzzy 
states. In this formulation there is not a clear single 
optimizing trajectory in the space of system states but 
instead a fuzzy set of trajectories (a set of trajectories, each 
with a membership value). 

This result is extremely important if one wishes to deal 
with uncertainty and risk. The concept of risk only makes 



sense if one is able to consider different scenarios and 
evaluate the consequences of decisions in each scenario. 
The scenarios are generated or result from the recognition 
of uncertainties. By keeping trace of the optimizing 
trajectory for each scenario, one retains the ability to 
evaluate regrets and therefore to keep track of the 
robustness of decisions. 

Because the space state may be very large, its 
dimension is reduced with the help of the concept of Fuzzy 
Regret [7] regulating the choices among alternatives. 

3. RANKING FUZZY NUMBERS 

3.1. General comments 

One necessary step in every optimization technique is 
to compare alternatives. If their values are expressed as 
fuzzy numbers, then the problem becomes more 
complicated, because there is not a strict relation of order 
definable in the set of fuzzy numbers but only a relation of 
partial order. However, for practical purposes, the 
application of a sequence of criteria may help in ranking 
fuzzy alternatives. 

Among the proposed methods, the Removal criterion 
[8] and the Total Distance Criterion or Generalized 
Hurwicz Criterion (GHC) [9]  may be mentioned. One 
must also mention the possibility of ranking fuzzy numbers 
using a defuzzyfication approach such as the Center of 
Mass, often used in Control but not usually in Decision 
Making. 

Also a definition of a fuzzy maximum C of two fuzzy 
numbers A and B, such as proposed by Dubois and Prade 
[10], based on the membership functions µ of A, B and C  

µC(x)= Max {[µA(x), µB(x)],  ∀x}   (1) 

is not useful in decision making when comparing 
alternatives: in this case, one is searching for reasons to 
prefer A over B and not trying to obtain any kind of 
“fusion” between the alternatives. 

3.2. Partial comparison of fuzzy numbers 

A fuzzy number, represented by a membership 
function, can be seen as a set of nested intervals, each 
associated with a membership level α. This parameter, in 
the context of decision making, is a measure of the risk of 
accepting an α-cut as representative of the concept 
described by the fuzzy number. This risk level is defined in 
the interval [0,1]. 
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Figure 1 - Fuzzy number “more or less 5” and an α-cut at 
level 0.5 
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Figure 2 – Defining the Risk Level above which no 

matter what the expression of uncertainties, one has B > A 

In Figure 1 a possible fuzzy representation of “more or 
less 5” is illustrated; one may see that at level α = 0.5 the 
interval [3,7] is taken , while a higher level of risk such as 
0.7  the interval [4,6] must be adopted as a surrogate of 
“more or less 5”. Of course, the highest risk is at level 1, 
where the “exact” or “crisp” number 5 is taken as a 
representation of “more or less 5”. 

3.3. Intrinsic risk threshold 

Now observe Figure 2. Admit that A and B represent 
the values associated to two alternative investment 
decisions. 

Above level ac, it is guaranteed that, no matter the crisp 
instantiation of A and B, the value of B will always be 
greater than A. This “exposure level” defines the maximum 
amplitude of uncertainty in both A and B than one may 
accept while being certain that one alternative will always 
be preferred to the other. 

The lower is ac, the more confident one may be that 
selecting B over A will not be a mistaken decision; of 
course, if ac=0 one is absolutely sure that, no matter the 
crisp outcome values of A and B, after the uncertainties 
having been resolved the ordering of alternatives is 
maintained. 

Level ac is a risk level. In this work, it will be defined 
as the intrinsic risk threshold. Of course, there is no risk if 
ac=0 and the  risk is maximum if ac=1 (when there is no 
confidence level for which selecting B over A is a safe 
decision). Notice that the definition of the intrinsic risk 
threshold depends on the establishment of a decision 
gradient in the attribute space where the fuzzy values of 
alternatives are represented: when comparing A with B, the 
risk threshold is different whether one is trying to decide if 
B is preferable to A or A to B. 

Therefore, in the presence of a decision making process 
with several alternatives with uncertainty, it is not only 
important to select a preferred alternative but also to 
identify the intrinsic risk level of such selection - this will 
define the degree of exposure of the decision to adverse 
futures. 

3.4. Fuzzy Regret 

Another important decision factor when comparing 
alternatives is the concept of fuzzy regret. In risk analysis, 
regret is a measure of how sorry is a decision maker likely 
to feel for having selected one alternative, in a context of 
uncertainty, and then later realizing that, if a decision 
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maker had known the future with certainty, another 
alternative would have been better [11]. 

Admit two alternatives valued by two overlapping 
fuzzy numbers A and B such as in Figure 3. Admit also 
that the uncertainties associated to each outcome are 
independent.  
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Figure 3 - Two triangular fuzzy numbers A(1,10,10) 
and B(5,5,14) 
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Figure 4 - Fuzzy Regrets, referring to Figure 3. Left - 

regret for choosing A instead of B; right - regret for 
choosing B instead of A 

Checking Figure 3, it is possible to observe that at 
higher α levels, B is always less that A but at lower α 
levels B may exceed A. 

Without loss of generality, let's assume a context of 
minimization. Will be define a fuzzy number Reg(A|B) as 
the regret felt by a decision maker when he chooses A 
instead of B [7]; using the interval of confidence notation, 

∀ α∈  [0,1] , A = [a1(α) , a2(α) ] y B = [b1(α) , b2(α) ] :              (2) 
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Of course, if one chooses A and A results better than B, 
no regret will be felt - that's why the above expression does 
not allow for negative regrets. 

In Figure 4, the two fuzzy numbers Reg(A|B) and 
Reg(B|A) are represented. In a decision context, the smaller 
the potential regret , the better. One may now rank the two 
fuzzy regrets using any defuzzification technique. In the 
case of Figure 4, a criterion such as the Center of Mass 
places Reg(B|A) < Reg(A|B) - therefore, decision B would 
be preferable to decision A, in this pairwise comparison. 

The relevant point to be kept is that decisions about 
fuzzy valued solutions must be weighted in pairwise 
comparisons, while solution fuzzy values may be ranked 
based on individual defuzzified values.  

4. FUZZY DYNAMIC PROGRAMMING MODEL 

4.1. General model 

The classical Dynamic Programming model assumes 
deterministic conditions in the decision process. The 
Bellman Optimality Principle states that 
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where: 

Opt = Optimum (min or max, according to the problem) 

f* = Optimum value of objective function f ,at given 
state and Stage 

(j, K)    = State j corresponding to Stage K 

( )K
j

K
itr ,C 1− = Variation of function f between States 

(i , K-1) and (j, K) = Transition cost between those states in 
their Stages. 

One could apply the Extension Principle to generate a 
fuzzy version of the Optimality Principle, where the values 
of variables are fuzzy and therefore one must use extended 
operations to do the calculations. However, the problem of 
making comparisons between alternatives is faced, in order 
to decide, at each Stage, what is the Optimal partial 
decision. 

According to the principles of partial comparison 
defined in Section 3.3., each comparison between fuzzy 
objective function values and the consequent decision of 
preferring one over another implies accepting a certain 
intrinsic risk threshold (above which the decision is not 
questioned). As a large number of comparisons during the 
optimization process will arise, an equal number of 
intrinsic risk thresholds shall be collected.  

4.2. Intrinsic Risk Threshold 

What is the Intrinsic Risk Threshold for the Problem 
solution, given the possible trajectories along system 
Stages? The answer is to take the maximum: 
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with: 

*T
ca - the Intrinsic Risk Threshold of the Optimum 

Trajectory T* along Stages 
∗∗∗∗k

ca - the Intrinsic Risk Level associated to each State k 
included in T* 

N - the number of  Stages of the problem. 

This means that the Optimizing trajectory (which leads 
to the Optimal Solution) is only risk-safe or Robust if the 
uncertainties are represented by narrower intervals than the 
ones defined by the α-cut at ac

T*. 



5. FUZZY OPTIMIZATION MODEL FOR 
DISTRIBUTION EXPANSION COSTING 

The development of a distribution system is a multi-
stage multi-criteria problem in a context of uncertainty. 
The evaluation of the possible cost for a preferred 
development strategy may be done using the concepts of 
Fuzzy Dynamic Programming described in the previous 
sections. 

Before presenting a practical application, some relevant 
aspects of the model  are discussed : 

A – Multiple attributes and Aggregated Objective Cost 

There is a set of criteria that may be represented by an 
economic value or an equivalent, which allows their 
consolidation into a single value. The most important are: 

• I: Investment; 
• Perd: Losses;  
• QS – Quality of Supply, usually evaluated by ENS 

– Energy not Supplied; 
• EI – Environmental Impact (for a distribution 

system, it will be measured through an index of 
visual impact of overhead lines and transformers). 

The economic evaluation of each attribute requires the 
definition of Opportunity Costs. Furthermore, three main 
types of agents acting in the market environment can be 
identified; two of them have conflicting rationales (utilities 
and consumers) and a third one acts on behalf of a 
collective welfare (the regulator). 

This last agent has the responsibility to identify what in 
a market equilibrium theoretical context would be a set of 
marginal costs such as the value of Power Quality or 
Environmental Quality. These lead to setting Objectives for 
quality levels, which must be reached through the 
application of Incentives and Penalties to the other agents 
[12]. These Penalties will therefore constitute the costs of 
the (no) Quality of Supply and Environmental Impact that 
an utility must take in account in a Distribution expansion 
Planning activity. 

If all these attributes are valued as costs, it is possible to 
aggregate them into a single attribute and, in this respect, 
deal with the planning problem as a single objective model 
instead of a multiple criteria model. 

B – Financial Uncertainties 

Many of the financial uncertainties in planning are 
related to the value of the interest rate or opportunity cost 
used in evaluating equivalent capital costs. 

The CAPM approach (Capital Asset Pricing Method 
[13]) evaluates the return rate to be applied as 

 t CAPM   =   [ t f + ß d ( t m - t f ) ] (5) 

t CAPM : return rate 

t f  : risk free asset return rate   

ßd : Systematic risk in the Power Industry  

tm : return of a diversified portfolio with ( t m - t f ) as 
 the market risk premium. 

All these parameters may be dealt with as fuzzy 

numbers and therefore, a fuzzy tCAPM   can be defined. 
Therefore, the equivalent capital costs will be fuzzy. 

C – Demand forecast uncertainties 

Uncertainties in demand forecast must be taken in 
account. There are a number of methods to consider 
uncertainties in demand predictions, from projections based 
on econometric models to more complex models 
[14][15][16][17][18]. From these predictions one may 
build Possibility Distributions for demand forecast. 

D – Power flow simulation 

Given fuzzy loads, one must adopt fuzzy models to 
verify the loading of equipment in each investment variant. 
One of such models is the Fuzzy Load Flow [19] 

E – Reliability 

There are also models to deal with reliability in a fuzzy 
environment [7][20]. The results may be fuzzy ENS 
(Energy Not Supplied) and fuzzy reliability costs. 

F – Fuzzy Objective Function 

The objective function to be minimized will be the 
Fuzzy Net Present Value (FNPV) of all aggregated costs 
during the study period 

( ) ( )∑∑
== +

+++=
+

=≡
n

1i
i

iiii
n

1i
i

i

t1
CEICQSCPerdCI

t1
CFNPVFO 

       (6) 

with each Cxi being the cost associated to each 
attribute, i the Stage index and n the number of Stages in 
the planning period. 

In particular, each Fuzzy Capital Cost for each 
alternative v (of using distinct equipment solutions) is 
given by       
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Cv,i: fuzzy annualized investment associated with 
alternative v in Stage I 

Cm: fuzzy annualized cost associated with equipment m  
te: total number of pieces of equipment in alternative v 
vum: useful life of the equipment m in such alternative 
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(8) : Fuzzy Capital Recovery 

Factor 
t: fuzzy return rate 

D – Constraints 

An alternative is based on a set of resources satisfying 
all technical conditions imposed at each planning Stage. 

Not all combinations of pieces of equipment or 
resources are possible. A combination of alternatives is 
only possible if  

1K,iK,j VV ++++⊆⊆⊆⊆  

where Vj,K denotes the set of equipment pieces forming 



alternative j up to Stage K. This condition gives coherence 
to a trajectory through states along the planning Stages. 

E – Extrinsic Risk Threshold 

The Intrinsic Risk Threshold, defined above, results 
from all the uncertainties considered in the model. 
However, it may happen that this threshold is unacceptable 
to the decision maker, because it is too high, leading to 
intervals (of stability of the solution given the uncertainty 
in data) that are too narrow.  

Instead, the decision maker may wish to impose an 
Extrinsic Risk Threshold as a constraint – meaning that he 
does not wish to select options that reduce the capacity to 
absorb uncertainty. He is therefore searching for robust 
strategies, or stable decisions within a certain interval of 
uncertainty of data. 

This means that the Decision process may discard 
alternatives that could perhaps have a smaller cost, but that 
become sub-optimal very easily, depending on the actual 
outcome values of parameters affected by uncertainty in 
data. 

This, in fact, contributes to reduce the state space, 
eliminating alternatives leading to a high risk. This 
elimination can be made by applying the concept of fuzzy 
regret explained above: by making pair-wise comparisons 
of alternatives, the Decision maker may discard from 
further examination an alternative that shows a higher 
potential regret. 

This can also be seen as a hedging attitude: the 
Decision maker accepts a higher possible cost but becomes 
surer of having decided for a more stable strategy, i.e., with 
an evaluation of the interval of uncertainty that will less 
likely lead to unpleasant surprises. 

D – Trade-off calculation 

Setting an Extrinsic Risk Threshold defines a level of 
risk taken by the decision maker (that the solution he 
chooses may become unacceptable in a set of adverse 
scenarios included in the intervals of uncertainty contained 
above such threshold). 

One may therefore develop a trade-off calculation, 
identifying the relation between (extrinsic) risk threshold 
and selected system expansion strategy. Typically, the 
global cost will increase if one aims at having a solution 
trajectory that is insensitive to larger uncertainties. 

E – Independence of uncertainties 

When doing the partial comparison of two fuzzy 
numbers, one must identify uncertainty sources that are 
common to both numbers so that a real risk threshold is 
identified, instead of an apparent threshold. If uncertainties 
are wrongly mistaken as fully independent from a common 
source, the resulting uncertainty is much larger than it 
should be. Only the uncorrelated uncertainties must be 
counted for in determining the actual risk threshold level. 

F – Summary 

The model developed to evaluate the cost of an ideal 
expansion strategy for a distribution system may be 
summarized as follows: 
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subject to 

1K,iK,j VV ++++⊆⊆⊆⊆  (coherency of choices) 
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(10)  (extrinsic risk threshold constraint) 

This problem is solved by applying recursively the 
Bellman’s Optimality Principle, extended to the fuzzy 
domain: 
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     (11)  

where NPV stands for Net Present value and Minac 
means that the decisions are made following the Partial 
Comparison principle, which is associated with a Risk 
Threshold ac, as explained above. 

6. STUDY CASE 

6.1. Comments 

The methodology described above was applied to the 
case of the distribution system explored by the utility of the 
region of Bariloche, in the Argentinian Patagonia. The 
period under analysis was the sequence of years 1998-
2002, corresponding to a 5-year Tariff Control period 
denoted in Argentina as a Quinquenio. 

The Distribution Network of Bariloche covers an area 
of 350 km2 around the lake Nahuel Huapi (500 km2). It 
serves 35000 consumers, mostly commercial and 
residential (80%). This system is operated in open loop 
structure. It is supplied at 33 kV and it has three 33/13.2 kV 
substations. The 13.2 kV lines feed about 400 LV 
substations of an average installed capacity of 150 kVA. 

This system is placed at the end of the national 
interconnected grid and depends on a single line of 132 kV. 
In case of a contingency, there is a cold reserve generation, 
located at the MV substations. The peak load is about 25 
MW and there is a highly season-dependent load curve, 
because this is a winter tourist destination (which imposes 
some strong environmental constraints). The local weather 
conditions are hard (snow, frost, strong wind) and 
characteristic of a mountain region. The quality of supply 
suffers from these conditions.  

This is a fast developing area, where new consumers 
dominate over the growth of existing consumption, which 
explains why the expansion costs become relevant in the 
planning of the network. 

The software tools were developed using the following 
platforms and tools: 

• Operating System : Windows NT.�
• OOP - Visual Studio C++; Visual Basic 6.0. 
• ACAD 14 - Visual Basic For Application for ACAD. 
• EXCEL 2000 - Visual Basic For Application for 



EXCEL. 
• SQL Server 7.0. 

The following modules and applications were 
developed: 

• Fuzzy Power Flow with Graphic Interface and Single-
Line editor 

• Reliability module based in Integer Linear 
Programming 

• Deterministic Dynamic Programming (Bellman) 
• Fuzzy Arithmetic module annex to the EXCEL 

environment 
• Fuzzy Dynamic Programming module 
• Fuzzy costing module for Distribution Systems 

All fuzzy data (costs, demand forecasts…) as well as 
the results from operations with fuzzy numbers were 
represented by trapezoidal membership functions. It is a 
reasonable approximation that is adopted in many 
circumstances. 

The reliability calculations were done based on a model 
consistent with the regulatory environment in Argentina, 
which imposes penalties to all non supplied Energy – 
therefore, one could transform the criterion “quality of 
supply” into an economic value. 

6.2. Simulation 

The simulation corresponded to a period of five years 
which was divided in five stages. A number of possible 
network expansion reinforcements and development 
alternatives were considered, and the following were 
retained, complying with constraint for possible 
combination of alternatives: 

Stage 1: 5 alternatives; Stage 2: 4 alternatives; Stage 3: 
4 alternatives; Stage 4: 3 alternatives; stage 5: 1 final stage. 

The annualities corresponding to fuzzy costs are 
expressed in k$/year. One cannot fully describe in the 
paper all the details of the example, but some graphs 
illustrate the results obtained. 

Figure 5, for example, illustrates the decision process at 
Stage 2 departing from the partial optima found at stage 1. 
One of the variants is clearly better and it represents an 
Intrinsic Risk Threshold of 0.6723, compared with the next 
best (as marked in the figure). Figure 6 illustrates the result 
at the end of the process. 
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Figure 5 – Fuzzy partial optima in the transition of 

Stage 1 to Stage 2 
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Figure 6 – Fuzzy partial optima in the transition of 

Stage 4 to Stage 5. The apparent accumulated Intrinsic Risk 
Threshold is now 0.9746 

A back-tracking procedure has been developed to 
identify dependencies in uncertainties in a trajectory along 
the several stages, so that a real risk level could be 
calculated. This has allowed the identification of a real 
Intrinsic Risk Threshold for the optimal solution. The 
following table summarizes such calculations: 

Stage Apparent risk Real Risk 
1 0 0 
2 0.6723 0.6723 
3 1 0.9134 
4 0.9923 0.7339 
5 0.9746 0.7992 

The successive application of the concept of Fuzzy 
Regret, reducing the state space, leads to the elimination of 
states that could have been better in some futures. To be 
safe in his evaluation of the interval of uncertainty, the 
Decision maker has renounced to be pleasantly surprised in 
some futures. This has been observed by building a graph 
denoting the increase in the “accumulated value of 
discarded surprises” with the decrease of the Risk 
Threshold resulting from the application of the Minimum 
Fuzzy regret procedure to reduce the state space. 

Let eca
1V y eca

2V  be two alternatives defining an 
Intrinsic risk Threshold ace in the Optimal Fuzzy Path at a 
given state e. Let eca

1V  be preferred to eca
2V , when 

applying the Minimum Fuzzy Regret principle to reduce 
such threshold. Then, a surprise index was calculated as : 
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with E being the number of eliminated states. Figure 7 
shows the calculated values of  S with successive state 
elimination, using two defuzzification criteria (Removal 
and GHC). The key Cpso means the defuzzyfication 
criteria employed – Collapse of Possibility Distribution. 
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Figure 7 – Variation of the value of discarded states with 

the decreasing choice of risk threshold 



Other conclusions may be stated: 

1) The Fuzzy Dynamic Programming model worked as 
predicted, calculating a system expansion trajectory 
and its associated Fuzzy Cost. 

2) The minimum Fuzzy Net Present Value is calculated 
as lying inside the interval [404,74 ; 468,44] k$/year, 
determining an Intrinsic Risk Threshold of ac

T=0.9134, 
when direct comparisons are made between fuzzy 
numbers. 

3) However, if one adopts the minimum fuzzy regret 
evaluation when deciding among alternatives, one 
reaches a risk threshold of ac

T=0.7992 defining a 
minimum FNPV within [394,42 ; 481,87] k$/year. 

4) A classical sensitivity analysis performed taking the 
minimum and maximum NPV obtained gave always 
ranges of possible values falling inside the intervals 
determined by the fuzzy model; this means that 
possible combinations of uncertainties could not be 
detected by a classical approach but nevertheless 
contribute to the uncertainty range found by the fuzzy 
model. 

7. CONCLUSIONS 

This paper deals with the problem of finding the cost of 
an optimal expansion strategy for a distribution system 
over a given period of time. This result is to be used by a 
Regulator as a guideline when setting efficiency targets for 
regulated utilities. 

The Regulator must take in account, in his evaluation, a 
number of uncertainties both in costs and in demand 
forecasts. Therefore, the Regulator must be able to 
calculate a credible interval for the costs associated with an 
expansion strategy and he must also have an indication of 
the risk of accepting such interval or of regretting such 
decision. 

The paper offers the following contributions: 
• A fuzzy dynamic programming optimization model 

that determines an optimum expansion strategy while 
keeping track of the uncertainties in data and its 
reflection on results – an alternative model to the one 
proposed by Bellman and Zadeh 

• A model that calculates the Intrinsic Risk Threshold of 
the optimum strategy, i.e., that defines the size of the 
uncertainty interval for which one is sure that, no 
matter what will be the instantiation of uncertainties, 
the solution will remain as the selected one 

• A model that may accept an Extrinsic Risk Threshold 
as a constraint, so that the user may opt for a more 
robust set of decisions; this may lead to a sub-optimal 
evaluation of the cost, but the decision maker may be 
more confident of being immune to a wider range of 
uncertainties (it is a way of obtaining some hedging 
against adverse futures). 

• A model that may give the Decision maker an 
indication about a trade-off between a sub-evaluation 
of the expansion costs and an increase in the 
robustness of the decisions 

The usefulness of such model has been tested by 
applying it to a region in Argentina, where the action of a 
Regulatory Authority is felt. The results have demonstrated 

that the approach is useful and sheds new light into how a 
Regulator should determine targets and penalties to 
condition the distribution market. 
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