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Abstract

Classical stochastic programming has already been used with large scale LP models for long-term

analysis of energy-environment systems. We propose a Minimax Regret formulation suitable for

large scale linear programming models. It has been experimentally verified that the minimax regret

strategy depends only on the extremal scenarios and not on the intermediate ones, thus making the

approach computationally efficient. Key results of minimax regret and minimum expected value

strategies for Greenhouse Gas abatement in the Province of Québec, are compared.
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1. Introduction

The Global Warming of the terrestrial atmosphere induced by an increase in Greenhouse Gas (GHG)

concentration has moved from speculation to fact in the recent years. A major set of studies by the

Intergovernmental Panel on Climate Change [12,13,14] summarizes research in these areas over more

than a decade.

In spite of the recent Kyoto Protocol establishing abatement targets to be achieved by 2010 in

industrialized countries, there still remain large uncertainties, both on the effective attainment of these

targets, and on additional reduction levels beyond 2010. The Kyoto Protocol, as well as debates in

forums like the IPCC, give some indication of the range in which the long term abatement targets can lie.

In a nutshell, the basic problem facing policy makers is to decide upon the levels and timing of emission

abatement, climate adaptation and geo-engineering responses to climate change. This directly affects

short term energy sector investment decisions, because of the long lead times and even longer life times

of projects in electricity generation and transmission, oil refining and natural gas supply. In this paper,

we focus on the abatement aspects, which are strongly related to a detailed understanding of the energy

system of each country. Specifically, we demonstrate the important impacts that uncertainty may have on

policy making, and propose a decision-making paradigm that sheds light on this important issue, namely

the Minimax Regret criterion.

The basic question we address in this paper is: how can we determine an interim energy sector strategy,

i.e., before the level and timing of abatement are known with certainty? The endeavor is to determine a

strategy which hedges against all possible requirements to reduce the GHG emissions by various

amounts. Although we model the uncertainty in terms of different emission constraints in our model, a

similar approach would be equally relevant for a GHG tax situation.

In contrast with the more classical analysis of decision making under risk, where stochastic programming

is applied to a set of scenarios, each with a probability of occurrence, we propose for this research the

Minimax Regret criterion to determine the hedging strategy under uncertainty. This criterion only needs

the list of possible scenarios, without any assumption on their probabilities. In section 2, we describe the

formulation of the minimax  regret strategy as a linear program. The base model, Extended MARKAL, as

well as its Stochastic Programming and Minimax Regret variants, are described in section 3. Section 4

contains the analysis of results, and section 5 concludes the article.
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2. Minimax Regret Formulation of a GHG Abatement Model

2.1 A brief reminder of the Minimax Regret Criterion

The Minimax Regret Criterion, also known as Savage Criterion, Raiffa [28], is one of the more credible

criteria for selecting decisions under uncertainty, i.e. when the likelihoods of the various possible

outcomes are not known with sufficient precision to use the classical expected value or expected utility

criteria. In order to fix ideas, we shall assume in what follows that a certain decision problem is couched

in terms of a cost to minimize (a symmetric formulation is obtained in the case of a payoff to maximize).

Therefore, we may denote by C(z,s) the cost incurred when strategy s is used, and outcome z occurs. The

Regret R(z,s) is defined as the difference between the cost incurred with the pair (z,s) and the least cost

achievable under outcome perfect information on z, i.e.:

( ) ( ) ( )R z s C z s Min C z t z Z s S
t S

, , , , ,= − ∀ ∈ ∈
∈

whereZ  is the set of possible outcomes and S  is the set of feasible strategies. Note that, by construction,

a regret ( )R z s,  is always non negative.

A Minimax Regret (MMR)strategy is any s* which minimizes the worst regret, i.e.

( )s ArgMin Max C z s
s S z Z

* { , }∈
∈ ∈

and the corresponding Minimax Regret is equal to:

( )MMR Min Max C z s
s S z Z

=
∈ ∈

{ , }

2.2 Minimax Regret for large scale Linear Programs

We now turn to the application of the above definition to the case when the cost C(z,s) is not an explicit

expression. Rather, it is implicitly computed via an optimization program. This is the case in particular

when using a model such as MARKAL, Fishbone and Abilock [8], Berger et al. [1], Loulou and Lavigne

[21], where the long term energy system least cost is computed by solving a large scale linear program

with many technical and economic constraints, as well as environmental emission constraints. MARKAL

is a 9 period dynamic Linear Program, where each period represents 5 years.  In formulation (1) below,

the A matrix defines the very large number of techno-economic constraints of the model, and the last

constraint represents the single cumulative greenhouse gas (GHG) emission constraint, i.e. an upper

bound on the sum of all emissions over the model’s 45 year horizon (the choice of a cumulative emission

constraint will be justified in section 3). In the absence of uncertainty, the MARKAL linear program has

the following structure:
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( )M z Min c x

s t Ax b

e x z

x

t

t

=

≤

≤

. . (1)

Where x is the vector of MARKAL decision variables (strategy), and z is the selected cumulative

emission target.

The more interesting and more realistic case occurs when the allowed cumulative emission z is uncertain,

and will only be known at some future period t*. Prior to t*, all decisions are taken under uncertainty,

whereas at t*  and later, decisions are taken under perfect knowledge of the cumulative target. It is

convenient to decompose the vector x of decision variables into two vectors x1 and x2, x1 representing the

decisions to be taken prior to t*,  and x2 those decisions at t*  and later. We shall assume that the uncertain

parameter z may take an arbitrary but finite number n of distinct values:

Z z z z z z zn n= ≤ ≤ ≤{ , , , ; }1 2 1 2� �

The linear program in (1), which defines an ideal cost M(z) that would be incurred under perfect

information, allows to define the Regret of strategy x as follows:

( ) ( )R x c x M zt= −

Finally, the MMR strategy is an optimal solution to the following optimization program:

( )[ ]MMR Min Max c x c x M z

s t A x A x b z Z

e x e x z z Z

x x z Z

t t z

z

t t z

= + −

+ ≥ ∀ ∈
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1 1 2 2

1 1 2 2

1 1 2 2

,

. . ,

,

               (2)

The above program is not quite an L.P., but may be converted into one by introducing a new variable:

[ ]
( )

MMR Min

s t c x c x M z z Z

A x A x b z Z

e x e x z z Z

x x

t t z

z

t t z

=

≥ + − ∀ ∈

+ ≥ ∀ ∈

+ = ∀ ∈

1 2

1 1 2 2

1 1 2 2

1 1 2 2

, ,

. . ,

,

,

φ
φ

φ
(3)

Note carefully that a bona fide strategy x is such that x1 is common to all outcomes z, whereas there is a

different vector x2
z for each outcome z in Z. This is so because decisions made at t*  and later take into

account the knowledge of the true value of z that realizes at t*. Hence, the LP (3) has up to n replications

of the constraints, and of the x2 variables (to be more precise, some constraints which do not involve x2

variables are not replicated, and therefore, the size of (3) may be smaller than n times the size of (1))
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Important remark: An unfortunate phenomenon occurs when (3) is solved: since all that matters when

computing the MMR strategy is indeed the value of the Minimax Regret, all other regrets are left free to

take any values, as long as these values remain below the MMR. This remark is equivalent to saying that

(3) is highly degenerate. For example, in the instance to be discussed later, the MMR is equal to 3,311

M$, but when (3) is solved, each of the n regrets (i.e. each right-hand-side of the first constraints of (3)),

is found to be also equal to 3,311 M$. This is undesirable, as in practice, depending upon the actual value

of z which realizes, the regret can be quite much lower than MMR. In order to remove the degeneracy, it

is useful to proceed in two phases: first, consider (3) as essentially only a way of computing the partial

strategy up to the resolution date, i.e.  x1. Next, when this is done, each x2
z may be computed

independently by (i) fixing x1 at its optimal value (call it x1* ), and (ii) for each z, solving the following n

linear programs:

( )[ ]Min c x c x M z

s t A x A x b

e x e x z

x

t t

t t

2
1 1 2 2

1 1 2 2

1 1 2 2

*

*

*

. .

+ −

+ ≥

+ ≤

               (4)

2.3 Computational considerations and a conjecture

The largest LP to solve is clearly (3), which has the same approximate size as a classical stochastic LP

defined on the same problem instance, and using the minimum expected value criterion (MEV). In

addition, n-1 smaller problems (4) must be solved, in order to compute the n-1 non degenerate strategies

after date t*. However, it appears from computational experience (and from intuitive reasoning), that the

solution of (3) seems to depend only on a restricted problem. This observation is only a conjecture,

which we now present, but were unable to prove in any generality.

Conjecture: when solving problem (2) or (3), it is sufficient to restrict the parameter z to its largest and

smallest values z1 and zn.

This conjecture was verified in all experiments. If true, it considerably reduces the size of the L.P. (3).

The maximum size of (3) is approximately twice that of a deterministic problem such as (1), meaning

that the number of variables and the number of constraints are both about double those of (1). This has

interesting implications in terms of the ease of solving the MMR problem, which thus becomes easier to

solve than a classical stochastic LP with more than two outcomes.

The conjecture seems intuitively true in the special case when the uncertain parameter is a single

dimensional Right-Hand-Side, since it says (very roughly) that the MMR strategy, once chosen, is always

worse for an extreme value of z than it would be for any intermediate value of z. If the uncertainty was

5

extended to several Right-Hand-Sides, it is not as obvious how the conjecture would be stated, but we

offer the following extension: Consider z as a multi-dimensional vector, zi
j . Index i represents

realizations and j represents m different parameters that are uncertain. The uncertain parameters are RHS

values of inequality constraints such as emission limits, end-use demands, technology penetration

bounds, and resource availability bounds. Assume that for any j, zj
1  represents the RHS value of the most

relaxed constraint and zn
j  is the most tight form. We can say that the two ‘extreme’ scenarios are:

( , ,.., )z z zm1
1

1
2

1  and ( , ,.., )z z zn n n
m1 2  because: M z M z k i ji

j
k
j(.., ,.. ) (.., ,.. ) ,≤ ∀ > ∀ .

Extension of conjecture to multiple uncertain parameters: If m (>1) Right-Hand-Sides are uncertain, it is

sufficient to consider the two “extreme” values of the vector z, when solving the MMR problem.

3. Large-Scale Application to Energy-Environment Analysis

3.1 Uncertainty in Energy-Environment Modelling

Many applications of Analysis under risk exist using activity analysis models. We restrict our brief review

to recent energy-environment models. A comprehensive description and application of a two-step approach

for evaluating an a priori set of hedging energy technologies can be found in Larsson and Wene [15], and

Wene [23]. Their method provided for assessing the efficiency and robustness of exogenously determined

alternative strategies, by a two-step use of the MARKAL model. Although they did not fully implement the

Stochastic Programming paradigm, their work was the initial inspiration to do so by other authors.

Reports on formal inclusion of future uncertainties in long-term energy-environment modeling are scant.

Stochastic programming has been used for energy-environment policy modeling recently, but mostly by the

very aggregated global models like DICE, Nordhaus [19], MERGE, Manne [18], and CETA-R, Peck and

Teisberg [20], all of which have a distinct macroeconomic flavor. While the global models have received

wide exposure, they have also been criticized for their inability to faithfully represent the details of national

economies. As a consequence, the aggregated economic models must be supplemented by detailed energy

bottom-up models such as ours. Fragnière and Haurie [6] and Kanudia and Loulou [13] have used multi-

stage stochastic programming formulations within the MARKAL detailed bottom-up model. Another recent

work has addressed a similar problem using the two-stage recourse problem formulation, Kanudia [11].

However, the authors are not aware of any application of the minimax regret criterion to a large scale

activity analysis model.
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3.2 T
he M

A
R

K
A

L M
odel

M
A

R
K

A
L [5], [1], is a large scale, technology oriented, activity analysis m

odel, integrating the supply and

end-use sectors of an econom
y, w

ith em
phasis on the description of energy related sub-sectors. T

he m
odel

has nine tim
e periods of five years each (thus covering the 45 year span from

 1993 to 2037), and utilizes

three variables for each technology represented, i.e. the investm
ent, the capacity, and the level of activity of

the technology, at each tim
e period. T

he m
odel uses a discount rate of 5%

, w
hich is intended to be

representative of the m
arket rate of return on capital. T

he system
's cost includes investm

ent and operations

and m
aintenance costs for all technologies, plus procurem

ent costs for all im
ported fuels, m

inus the revenue

from
 exported fuels, m

inus the salvage value of all residual technologies at the end of the horizon. T
he

m
odel satisfies all im

portant constraints of an energy system
, such as conservation of energy flow

s,

satisfaction of dem
ands, conservation of investm

ents, peak-electricity constraints, capacity lim
its, and m

any

others. In addition, M
A

R
K

A
L allow

s the optional accounting and/or constraining of em
issions of pollutants

from
 all technologies present in the m

odel, by m
eans of em

ission coefficients and of special constraints,

called “em
ission caps”, w

hich m
ay be defined period by period, or in a cum

ulative fashion. A
lternatively,

one m
ay im

pose em
ission taxes rather than constraints. In order to sim

ultaneously respect these constraints

and m
inim

ize system
 cost, M

A
R

K
A

L uses optim
ization (Linear P

rogram
m

ing). A
 recent m

odification of

M
A

R
K

A
L allow

s the specification of ow
n price elasticities for all energy services, and therefore w

ill

endogenously adjust dem
ands in response to particular scenarios [16].

T
he database for M

A
R

K
A

L Q
uébec includes m

ore than 500 technologies, approxim
ately 70 energy form

s

(fuels, plus heat, plus electricity), and 69 categories of energy services, w
ith particular detail in the energy

intensive sectors. F
ull details on the m

odel and data base are available from
 the authors. S

everal previous

applications of the M
A

R
K

A
L m

odel in Q
uébec and O

ntario appear in previous publications, B
erger [2],

w
hich stress specific m

odel features and results.

3.3 S
tochastic M

A
R

K
A

L

S
tochastic M

A
R

K
A

L [12, 13] is a recent extension of M
A

R
K

A
L. It explicitly incorporates m

ultiple

scenarios, each w
ith a specified probability of occurrence, and m

inim
izes the expected discounted system

’s

cost. It is based on the m
ulti-stage S

tochastic P
rogram

m
ing paradigm

, D
antzig [6], W

ets [31]. T
he m

ain

characteristics of this form
ulation are sum

m
arized below

:

1. A
t e

a
ch

 p
e

rio
d

, th
e

re
 a

re
 a

s m
a

n
y re

p
lica

tio
n

s o
f th

e
 M

A
R

K
A

L va
ria

b
le

s a
s th

e
re

 a
re

 d
iffe

re
n

t

sce
n

a
rio

 re
a

liza
tio

n
s. A

t th
o

se
 p

e
rio

d
s w

he
n

 th
e

re
 a

re
 m

ore
 th

a
n

 o
n

e
 re

a
liza

tio
n

 (e
.g. a

t p
e

rio
d

s 4
 to

 9

in
 th

e
 e

xa
m

p
le

 sh
o

w
n

 in
 

F
igure 1), e

a
ch

 va
ria

b
le

 se
t sh

o
u

ld
 b

e
 co

n
sid

e
re

d
 a

s a
 se

t o
f 

co
n

d
itio

n
a

l

7

va
ria

b
le

s, i.e
. va

ria
b

le
s re

p
re

se
n

tin
g co

n
tin

ge
n

t a
ctio

n
s w

hich
 w

ill b
e

 ta
ke

n
 o

n
ly if th

e
 co

rre
sp

o
n

d
in

g

re
a

liza
tio

n
 p

re
va

ils.

2. E
a

ch
 se

t o
f va

ria
b

le
s co

rre
sp

o
n

d
in

g to
 a

 p
o

ssib
le

 sce
n

a
rio

 re
a

liza
tio

n
 m

ust sa
tisfy a

ll M
A

R
K

A
L

co
n

stra
in

ts. T
he

re
fo

re
, w

ha
te

ve
r sce

n
a

rio
 e

ve
n

tu
a

lly re
a

lize
s, th

e
 

co
rre

sp
o

n
d

in
g 

se
t 

o
f 

va
ria

b
le

s

(stra
te

gy) is fe
a

sib
le

. T
he

 m
ulti-p

e
rio

d
 co

n
stra

in
ts, su

ch
 a

s ca
p

a
city tra

n
sfe

r, cu
m

ula
tive

 e
m

issio
n

 a
n

d

cu
m

ula
tive

 re
so

u
rce

 u
sa

ge
, a

re
 th

u
s d

e
fin

e
d

 in
 m

ultip
le

 co
p

ie
s, o

n
e

 co
p

y a
lo

n
g e

a
ch

 p
a

th
 o

f th
e

 e
ve

n
t

tre
e

 (e
a

ch
 su

ch
 p

a
th

 re
p

re
se

n
ts o

n
e

 sce
n

a
rio

 re
a

liza
tio

n
). T

he
 sin

gle
 p

e
rio

d
 co

n
stra

in
ts a

re
 re

p
e

a
te

d
 a

s

m
a

n
y tim

e
s a

s th
e

re
 a

re
 d

iffe
re

n
t re

a
liza

tio
n

s a
t th

a
t p

e
rio

d
, a

n
d

 th
a

t n
u

m
b

e
r d

iffe
rs w

ith
 th

e
 p

e
rio

d
.

3. T
he

 o
b

je
ctive

 fu
n

ctio
n

 (e
xp

e
cte

d
 co

st) is e
q

u
a

l to
 th

e
 w

e
igh

te
d

 su
m

 o
f th

e
 in

d
ivid

u
a

l sce
n

a
rio

o
b

je
ctive

 fu
n

ctio
n

s (co
sts), th

e
 w

e
igh

t b
e

in
g th

e
 sce

n
a

rio
's p

ro
b

a
b

ility o
f o

ccu
rre

n
ce

.

T
he form

ulation described above has been im
plem

ented on the E
xtended M

A
R

K
A

L m
odel for Q

uébec,

K
anudia and Loulou [12]. T

he m
odel has a user interface, M

U
S

S
 (

M
A

R
K

A
L 

U
sers Support System

,

G
oldstein [7]), w

hich m
anages the input data and generates the linear program

 for the m
odel. T

he E
xtended

M
A

R
K

A
L uses O

M
N

I for m
atrix generation. T

he existing interface (M
U

S
S

) has been extended to capture

the event tree probabilities and the different levels of end-use dem
ands and G

H
G

 em
ission lim

its. E
xtensive

m
odifications have been m

ade in the O
M

N
I code to generate the required stochastic program

. A
 new

 report

w
riter collects the appropriate variables and com

piles the results for each scenario. T
hese developm

ents

constitute a user-friendly softw
are, w

hich can be used to quickly m
ake runs w

ith different assum
ptions and

easily analyze the results.

3.4 Im
plem

entation of the M
inim

ax R
egret F

orm
ulation

T
he

 im
p

le
m

e
n

ta
tio

n
 o

f th
e

 M
M

R
 p

ro
gra

m
 d

e
scrib

e
d

 b
y 

(3) d
ra

w
s h

e
a

vily fro
m

 th
a

t o
f S

to
ch

a
stic

M
A

R
K

A
L d

e
scrib

e
d

 a
b

o
ve

. T
he

 first tw
o

 ch
a

ra
cte

ristics o
f th

e
 fo

rm
u

la
tio

n
, th

a
t is th

e
 re

p
lica

tio
n

 o
f

va
ria

b
le

s a
n

d
 co

n
stra

in
ts, re

m
a

in
 th

e
 sa

m
e

. H
ow

e
ve

r, th
e

 th
ird

 ch
a

ra
cte

ristic d
iffe

rs: th
e

 o
b

je
ctive

fu
n

ctio
n

 is re
p

la
ce

d
 b

y a
 sin

gle
 va

ria
b

le
 

φ, d
e

fin
e

d
 in

 (3), a
n

d
 th

e
 first se

rie
s o

f co
n

stra
in

ts in
 

(3) a
re

ge
n

e
ra

te
d

 via
 a

n
 a

d
d

itio
n

a
l m

a
n

ip
u

la
tio

n
 o

f th
e

 M
P

S
 file

 o
f th

e
 M

A
R

K
A

L
 p

ro
gra

m
. T

he
 o

b
je

ctive

fu
n

ctio
n

 va
lu

e
s fo

r p
e

rfe
ct in

fo
rm

a
tio

n
 ru

n
s, M

(z), a
re

 co
m

p
u

te
d

 se
p

a
ra

te
ly (b

y so
lvin

g a
 d

e
te

rm
in

istic

M
A

R
K

A
L p

ro
gra

m
), a

n
d

 u
se

d
 in

 th
e

 right-h
a

n
d

 sid
e

s o
f th

e
se

 co
n

stra
in

ts. T
he

 F
o

xP
ro

 p
ro

gra
m

 u
se

d
 to

cre
a

te
 th

e
 M

P
S

 file
 fo

r (3) takes about 10 m
inutes to transform

 a 28,000 row
s-40,000 colum

n problem
,

o
n

 a
 P

e
n

tiu
m

-1
3

3
 m

a
ch

in
e

. T
he

 re
su

ltin
g lin

e
a

r p
ro

gra
m

 is so
lve

d
 u

sin
g C

P
L

E
X

.
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As illustrated by Figure 1, we have selected a range of cumulative GHG abatement from 0% to 40% of

the observed 1990 emissions. A cumulative abatement target of x% means that, over the 45 year horizon,

the average yearly emission must be x% lower than the observed emission in 1990.

We now establish that the range selected range is indeed compatible with the recent Kyoto Protocol,

which establishes the Canadian  abatement percentage at 6%, but for the average emission in the period

2008 to 2012 only. The Protocol says nothing about emissions at other periods. It is conceivable that

abatement beyond 2012 could be set at levels lower or higher than 6% of 1990 emissions. Such

uncertainty is not easy to resolve to-day, and depends not only on a better understanding of the

seriousness of the impacts of climate change, but also on the dynamics of international negotiations.

Furthermore, in addition to the post-2012 uncertainty, it is not even certain that Canada will be reaching

the 6% reduction target in 2008-2012. Finally, a 6% reduction target for Canada does not necessarily

translate into a 6% reduction for an individual province such as Quebec. Our uncertainty range therefore,

although fairly broad, appears by no means to be too broad.  The weak 0% reduction target corresponds

to a situation where there would be new evidence that the climate change is not as severe as predicted to-

day, and/or that the effects of climate change are not as dramatic or imminent as thought. At the upper

end, the severe 40% reduction target is not really as high as it may appear at first sight. Indeed, it has

been established  [10] that if a stabilization of the CO2 concentration at twice the pre-industrial level (i.e.

at 550 ppmv) is desired, world emissions would have to be abated considerably more severely than at the

rate prescribed in the Kyoto Protocol for 2010.  The three intermediate targets (10, 20, and 30%) are

evenly spread over the range. Note that, in view of the conjecture of section 2.3, the intermediate values

are irrelevant in determining the MMR strategy. They are however relevant to compute an optimal

strategy under the expected cost criterion.

4. Analysis of results

4.1 Costs and Regrets of the various Strategies

In our study, seven strategies were examined and compared: the Minimax Regret strategy (MMR), the

Minimum Expected Cost strategy (MEV), and five short-sighted strategies. The MEV strategy was

studied under the Laplace Criterion, which assumes equal 0.2 probability for all five targets, a traditional

way reflecting complete uncertainty on the five outcomes. Each short-sighted strategy assumes a fixed

deterministic target, until the resolution date, at which time the strategy is altered to optimally follow

whichever target actually realizes. We call these short-sighted strategies Perfect Foresight (PF), for lack

of a better term. They have been included in the comparison to demonstrate that ignoring uncertainties

(i.e. following a PF strategy) is in general not a good idea. Carefully note that a PF strategy is not at all

9

the same as the perfect information (PI) strategy described further down, although each PF strategy

follows one PI branch up to time t* .

For each combination of the 7 strategies and the 5 possible target realizations, Table 1 indicates the

corresponding cost, as well as the regret. The regret is obtained (as described in section 2) as the

difference between the cost of the strategy and that of the best possible strategy under perfect

information. Table 1 also indicates the Maximum Regret, as well as the Expected Cost of each strategy

(see the last columns).  The cost of a PF strategy was derived by running the model in two steps as

follows: we illustrate the steps by computing the real cost of the strategy that follows the optimal 10%

reduction, but when the 20% target realizes.   First step: the regular MARKAL model is run with a 10%

deterministic target, and obtains an objective function value of 1250385 M$. Second step: the variables

for the first three periods are all frozen as per the solution obtained in step 1, and the model is run again

with a 20% constraint, to get the value 1255863 M$, which is the real cost of the 10% PF strategy

followed when 20% target realizes. The same procedure is applied to all PF strategies and all possible

realizations.

Figure 2 shows essentially the same information as Table 1, but in the graphical form of cost-emission

trade-off curves. Note that the “strategy” PI (also called Ideal Strategy), represented by the dotted line, is

actually not a realistic strategy since it assumes that perfect information is available before the first

period starts. It is only used as a benchmark to evaluate the hedging strategies. For any given target, the

vertical difference in cost between any strategy and PI is precisely the regret attached to the strategy.

From these results, it is evident that none of the PF strategies performs nearly as well as the MMR or the

MEV strategies on the minimax regret criterion. The best of the PF strategies is to follow the 30% target

until resolution date, with a worst regret of M$ 4635, i.e. M$ 1322 larger than the MMR worst regret.

However, the MEV and MMR strategies appear very close to each other (their worst regrets are 3526 and

3311 M$ respectively, and their expected costs are only 22 M$ apart).

4.2  Sensitivity Analysis

In order to verify whether the closeness of the two approaches was accidental or systematic, we

conducted two sensitivity analysis experiments. In the first of these, we adopted a coarser range of

targets, namely 0%, 20%, and 40% (Table 2). Of course, this did not change the results for MMR, in

view of the conjecture. However, the maximum regret of MEV increased to 4035 M$, i.e. 724 M$ more

than the MMR regret. Conversely, the expected costs of the two strategies remained close to one another,



10

with a difference of only 109 M$. For this case therefore, the MMR approach is superior to the MEV

approach in handling uncertainty.

The second sensitivity run consisted in eliminating the target of 40%, keeping only the other four

targets (Table 3). Again here, the two expected costs remain quite close (their difference is only

26 M$), but the MMR regret is 257 M$ smaller than the MEV regret. We may therefore conclude

that MMR is a better approach than MEV in this instance too.

In conclusion, when one combines the above findings with the reduced size of the MMR

program (compared to MEV), it is clear that MMR is a very attractive approach to model

uncertainty, especially if the number of outcomes of the uncertain event is relatively large. We

may add to this that the Minimax Regret criterion seems, at face value, closer to the way in which

decision makers would evaluate the risk of making wrong decisions, although we have no formal

evidence of this assertion.

4.3 Additional Results on the MMR Hedging Strategy

When facing uncertainty, a good hedging strategy takes into account the important possible outcomes,

and strikes an optimal compromise between the negative effects of “guessing wrong”. We have seen in

the preceding subsection that the MMR strategy succeeds in reducing the worst regret incurred under any

outcome of the uncertain target. It is also of interest to examine other dimensions than the cost or the

regret of a strategy. For instance, in the case of Greenhouse Gas abatement, it would be important to

know what emission trajectory is followed by MMR, as well as the trajectories of some key energy

indicators. In this subsection, we restrict our analysis to two examples of such trajectories for MMR,

compared to those that would prevail under perfect information. Each of the two figures 3 and 4

illustrates one particular trajectory of the MMR strategy in comparison with the  trajectory that would be

optimal under perfect information. In order to avoid cluttering the figures, we only show the two extreme

branches of the trajectories, i.e. those pertaining to the 0% and the 40% abatement targets.

Figure 3 shows the annual GHG emission under the extreme scenarios with MMR and Perfect

Information (PI) strategies. Under the MMR strategy, emissions prior to 2010 adopt a trajectory between

the two extreme PI branches, but closer to the 40% branch. In other words, MMR recommends abating

emissions significantly as early as in 2005 and 2010, even in the absence of knowledge of the true target.

It is therefore not at all a wait-and-see approach. This early abatement approach is, of course, encouraged

11

by the fact that any abatement occurring in early periods is automatically credited toward the cumulative

target when the latter becomes known.

It is interesting to note that the detailed fuel and technology trajectories that result in this emission

trajectory are quite diverse: for instance, the trajectory of industrial sector gas consumption (not shown)

under the MMR strategy is closer to the 0% abatement perfect foresight. Alcohol consumption in the

transport sector (not shown) takes the middle path under MMR. Finally, the trajectory of commercial

sector electricity consumption (Figure 4) is particularly interesting, as it lies outside the limits defined by

the two extreme perfect information strategies. This clearly shows that uncertainty affects the

competitiveness of energy sector options in ways that are not easily predictable without an explicit,

rigorous treatment of uncertainty. The traditional scenario approach is seen to be ineffective. Similar

conclusions were reached in previous work by the authors [13].

5. Conclusion

In this paper, we have described a Minimax regret formulation of the energy-environment system, in the

context of GHG abatement strategies. The formulation has been applied to the Canadian province of

Quebec, via the MARKAL model. The MMR approach has some distinct advantages over the MEV

approach: the MMR approach does not require the assignment of probabilities to various outcomes;

based on the conjecture presented in section 2.3, one can work with much smaller models with the MMR

approach; and comparing the costs of MMR and MEV strategies, the MMR looks more robust than

MEV, at least on the examples treated.

The second conclusion is common to most models for decision making under uncertainty, and concerns

individual trajectories of various decision variables. It has been confirmed in this paper that hedging

trajectories may lies almost anywhere, compared to Perfect Information trajectories. Therefore,

uncertainty is seen to affect the competitiveness of energy options in a unique way, which can not be

captured through isolated analysis of pure (PI) scenarios. This is a strong reason to adopt formal

treatment of uncertainty, over the traditional scenario-by-scenario analysis.
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