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Abstract

Future patterns of climate change and economic growth are critical parameters in long-term
energy planning. This paper  describes a multi-stage stochastic programming approach to
formulate  a flexible energy plan. The plan incorporates multiple future scenarios and provides
for mid-course corrections depending upon the actual realizations of future uncertainties.
Results are derived from the stochastic version of Extended MARKAL (MARKet ALlocation)
model for Québec, developed for this purpose.

The analysis indicates significant savings of overall system cost in using a hedging strategy over
any of the perfect foresight ones. With a  fifty percent probability of implementing stringent
carbon  mitigation  measures after fifteen years, the emission trajectory takes the middle path till
this uncertainty is resolved. Prior to resolution,  electricity supply follows the middle path,
natural gas and renewable energy tend to follow the low mitigation trajectory, and oil supply
approaches the high mitigation trajectory. A set of specialized hedging technologies has been
identified, which emerges more competitive in the hedging strategy than in any of the perfect 
foresight ones.

The paper concludes that such treatment of future uncertainties can  give insights that are
beyond the scope of an analysis based on deterministic scenarios.

1. Introduction

The control of Greenhouse Gas (GHG) emissions is one of the very difficult and important
questions facing public policy makers in the 1990's, at national as well as global levels. The
problem is important because of the possibly dire consequences of the global warming effect
created by the increase of atmospheric GHG concentration. It is difficult because it involves
large, complex energy systems, as emitters of GHG, and because it is a long term issue, with
consequences far into the future (Houghton et al., 1990; UNFCCC, 1992; Wigley, 1992). Most
authors consider for their analyses of the Global Warming problem, horizons between a few
decades and a few centuries (Manne and Richels 1992, 1995, Peck and Teisberg 1992, Cline
1992; Edmonds et al., 1994). The global issue is conveniently broken down into the following
two sub-problems: (i) the analysis of the impacts of climate change on the world populations
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and environment, and (ii) the analysis of techno-economic measures to implement for the
abatement of GHG emissions. To simplify, the first problem concerns the costs of emitting
GHG's, while the second concerns the costs of not emitting GHG's. Over such long periods,
large degrees of uncertainty prevail in both problems, especially concerning the first one, i.e. the
future impacts of climate change. The second question (GHG abatement) is better known, but
still fraught with uncertainties, the most obvious of them being the amount of abatement that
will be necessary to keep the global impacts at a sustainable level. Indeed, the two problems are
inter-related inasmuch as the degree of desirable GHG abatement can only be fixed by
analyzing both problems at various levels of GHG control, and then selecting the level that
strikes a socially optimal balance between the two types of cost.

As the problem is fairly young, most of the current policy research is aimed at evaluating the
efficiency and effectiveness of the possible alternatives. In this vein, our research explores the
use of stochastic programming in detailed (bottom-up) modeling of the energy-environment
system. In particular, we analyze the set of desirable measures for the Province of Québec in
response to the threat of global climate change, while recognizing that the optimal level of 
GHG abatement is not yet determined, and could vary considerably depending on the scientific
knowledge that will accrue over the next decade or so. While it is tempting to adopt a "wait and
see" attitude consisting of doing nothing on the abatement side until consensus is reached on the
desirable level of GHG reduction, such an attitude is not necessarily adequate. To illustrate, if
no abatement takes place in the initial period, and if it is later established that drastic GHG
reductions are necessary, the initial inaction may prove to be very costly. Conversely, if severe
reductions are effected immediately, and if the overall impacts later prove to be rather mild,
then the huge initial abatement cost will have been largely wasted. In some sense, the approach
taken here is an attempt at reconciling the two extreme viewpoints, by incorporating the two
possible futures in a single analysis.

Future uncertainties have usually been examined individually through deterministic (alternate)
scenarios. However, such scenario analyses have a grave drawback: whenever two contrasted
scenarios tell us to do widely different things in the immediate future (i.e. prior to the resolution
of uncertainty), they leave us in a quandary, since in real life, only one set of actions may
actually be selected. As an example, it is quite possible that the analysis under a high GHG
mitigation scenario will recommend an early investment in large hydro electric projects,
whereas analysis under a low mitigation scenario will recommend little or no new electric
generation. If that is the case, what are we to recommend when nobody knows with certainty
which scenario will prevail?  This is precisely what the Stochastic Programming paradigm
attempts to clarify, by merging two or more alternate scenarios in a single model, and by
recommending actions which are optimal in the presence of uncertainty. In addition, Stochastic
Programming will always select a single course of action at all periods prior to the resolution of
the uncertainty. It is therefore more realistic than traditional scenario analysis. Finally, as will be
shown on the Québec example, the method achieves the scenario objectives at less cost than
that obtained from any strategy based on a single "perfect foresight" scenario. In section 2, we
give a brief description of the Québec situation followed by additional details on Stochastic
Programming, and by analysis of model results in section 3. Section 4 concludes this article.
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2.  A
 S

tochastic version of the M
A

R
K

A
L energy/environm

ent m
odel

2.1.  T
he M

A
R

K
A

L-Q
uébec M

odel

M
A

R
K

A
L (F

ishbone and A
bilock, 1982) 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 tim

e periods are indexed w
ith the central years, for

exam
ple, period 1 centered in 1995 refers to the years 1993-1997. A

t period 1, the actual
installed capacities of all technologies are im

posed, thus constraining M
A

R
K

A
L to exactly

represent the real system
 being m

odeled. M
A

R
K

A
L com

putes a dynam
ic, partial equilibrium

on energy m
arkets by m

inim
izing a single objective function w

hich is the system
's discounted

total cost (the equilibrium
 is partial rather than general, since M

A
R

K
A

L does not include links
w

ith other m
acro-econom

ic variables, such as aggregate savings, consum
ption etc.). 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 adjust dem

ands in response to particular scenarios (Loulou and Lavigne, 1995).

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

or instance, electricity generation has m
ore

than 30 distinct technologies, oil refining includes som
e tw

o dozen processes and 13 final
products. O

n the dem
and side, there are 13 residential dem

and categories, serviced by about 100
technologies; there are 14 com

m
ercial and institutional dem

and segm
ents, serviced by around

100 technologies; 30 industrial dem
and segm

ents, w
ith m

ore than 100 technologies; and in
transport, 

there 
are 

12 
segm

ents, 
and 

about 
70 

technologies 
(vehicles). 

In 
m

ost 
dem

and
segm

ents, special technologies represent specific energy conservation m
easures such as efficient

devices, insulation, etc. F
ull details on the m

odel and database 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 et al., 1990, 1991, 1992, 1993, 1994) w

hich stress specific m
odel

features and results. T
he M

A
R

K
A

L m
odel is particularly w

ell adapted to com
pute the responses

of energy system
s to constraints on  em

issions (or to taxes levied on them
). T

his is so because
of the linear program

m
ing nature of the m

odel, w
here any num

ber of additional constraints m
ay

be added, including em
issions caps. T

his is a real advantage of this class of m
odels, w

hich is
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not em
ulated by sim

ulation or by econom
etric m

odels. F
urtherm

ore, the cost m
inim

ization
feature of M

A
R

K
A

L ensures that the system
 response to em

ission caps or taxes, is optim
ally

allocated to the globally efficient abatem
ent m

easures.

T
he M

A
R

K
A

L Q
uébec m

odel has been developed over the past fifteen years thanks to direct
contracts 

w
ith 

the 
C

anadian 
D

epartm
ents 

of 
E

nergy 
and 

of 
the 

E
nvironm

ent, 
and 

their
counterparts at the P

rovincial level.  In addition, the m
odel has been transferred to H

ydro-
Q

uébec, a m
ajor publicly ow

ned pow
er generation and distribution com

pany based in the
P

rovince of Q
uébec. H

ow
ever, he conclusions reached in this paper reflect the authors' view

s,
and should not be construed as policy positions of any governm

ent or other organization.

2.2. S
tochastic M

A
R

K
A

L

In the context of energy-environm
ent system

s, stochastic m
odeling has been extensively used to

study the energy resource extraction process (M
acD

onald, 1994; C
larke and R

eed, 1990;
B

ehrens, 1990; Y
eung and H

artw
ick, 1988) and optim

izing the electricity generation process
(B

unn and P
aschentis, 1986; T

erry et al., 1986; K
unsch and T

eghem
, 1987; G

rosfeld-N
ir and

T
ishler, 1993). S

tudies of socio-econom
ic im

pacts of the uncertain outcom
es of global w

arm
ing

have also used stochastic m
odels (F

ankhauser, 1994; K
olstad, 1994, M

anne and R
ichels, 1995).

A
 m

odel for stochastic pow
er generation planning problem

 w
as presented w

ith a sim
ple

application in Louveaux and S
m

eers (1980).

A
 tw

o-step m
odel for robustness analysis in energy planning w

as suggested in W
ene (1982). A

com
prehensive description of the m

ethod and its application can be found in Larsson and W
ene

(1993) and Larsson (1993). T
his m

ethod provided for assessing the efficiency and robustness of
exogenously determ

ined alternative strategies.

B
irge 

and 
R

osa 
(1996) 

have 
included 

uncertainty 
in 

the 
return 

on 
investm

ents 
in 

new
technologies in the G

lobal 2100 m
odel. S

tochastic program
m

ing has been used for energy-
environm

ent policy m
odeling recently, but m

ostly by the very aggregated global m
odels like

D
IC

E
 (N

ordhaus, 1993), M
E

R
G

E
 (M

anne et al., 1995), and C
E

T
A

-R
 (P

eck and T
eisberg,

1995), w
hich have a distinct ‘econom

ics’ flavor. W
hile the global m

odels have received w
ide

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

econom
ies. 

A
s 

a 
consequence, 

the 
aggregated 

econom
ic 

m
odels 

experience 
a

‘credibility gap’ am
ong national policy m

akers (this w
as expressed in the 1995 and 1996

m
eetings of the IP

C
C

 and C
O

P
). In this respect, detailed bottom

-up m
odels such as ours are

perfectly suited to com
plem

ent the global m
odels.

R
eports on form

al inclusion of future uncertainties in bottom
-up energy-environm

ent m
odeling

are scant. F
ragnière and H

aurie (1996) have taken an approach sim
ilar to ours on this problem

,
but it has a vastly different im

plem
entation. A

nother recent w
ork has addressed a sim

ilar
problem

 using the tw
o-stage recourse problem

 form
ulation (K

anudia, 1996).

S
tochastic M

A
R

K
A

L is a very recent m
odel built upon the M

A
R

K
A

L m
odel. It explicitly

incorporates m
ultiple scenarios, each w

ith a specified probability of occurrence. It is based on
the 

m
ulti-stage 

S
tochastic 

P
rogram

m
ing 

paradigm
 

(D
antzig, 

1955; 
W

ets, 
1989). 

T
he

form
ulation is described in A

ppendix I and the m
ain characteristics are sum

m
arized below

:
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(1)  A
t each period, there are as m

any replications of the M
A

R
K

A
L variables as there are

different scenario realizations. A
t those periods w

hen there are m
ore than one realization (as in

periods 4 to 9 in the exam
ple show

n in 
F

igure 1 ), each variable set should be considered as a
set of conditional  variables, i.e. variables representing contingent actions w

hich w
ill be taken

only if the corresponding realization prevails.

1
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5
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2
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S
tage 1

S
tage 2

S
tage 3

0.5

0.5

0.4

0.6

0.5

0.5

H
igh M

itigation

Low
 M

itigation H
igh G

row
th

Low
 G

row
th

H
igh G

row
th

Low
 G

row
th

F
igure 1  E

vent T
ree for S

tochastic M
A

R
K

A
L E

xam
ple

(2)  E
ach set of variables corresponding to a possible scenario m

ust satisfy all constraints of
M

A
R

K
A

L. T
herefore, w

hatever scenario eventually realizes, the corresponding set of variables
(decisions) is fully feasible. T

he m
ulti-period constraints, such as capacity transfer, cum

ulative
em

ission and cum
ulative resource usage, are thus defined along each path of the event tree.

E
ach such path represents one scenario, as show

n by the solid lines in 
F

igure 2. T
he single

period constraints are repeated as m
any tim

es as there are different realizations at that period,
and that num

ber differs w
ith the period, as also show

n in 
F

igure 2.

(3)  T
he objective function (expected cost) is equal to the w

eighted sum
 of the individual

scenario objective functions (costs), each w
eighted by the scenario's probability of occurrence.
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S
tage 1

S
tage 2

S
tage 3
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00

20
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S
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C
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S
et of M
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eriod

C
onstraints

F
igure 2  S

ketch of  Linear P
rogram

m
ing C

onstraints for S
tochastic M

A
R

K
A

L

2.3  Im
plem

entation of S
tochastic M

A
R

K
A

L

T
he 

form
ulation 

described 
in 

the 
last 

section 
has 

been 
im

plem
ented 

on 
the 

E
xtended

M
A

R
K

A
L-E

D
 m

odel for Q
uébec (K

anudia and Loulou, 1997). T
he m

odel has a user interface,
M

U
S

S
 (M

A
R

K
A

L U
sers S upport S ystem

, G
oldstein, 1994), 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 take runs

w
ith different assum

ptions and easily analyze the results.

In the exam
ple show

n in 
F

igure 1 , four alternate scenarios have been defined, resulting from
the com

binations of H
igh V

s. Low
 dem

and and H
igh V

s. Low
 m

itigation. T
he four scenarios

com
bine to form

 a probabilistic com
posite scenario.

F
igure 1  show

s the four scenarios, w
ith the dates at w

hich each type of uncertainty is resolved,
and the event probabilities. N

am
ely, the M

itigation uncertainty is assum
ed to last for three

periods and to be resolved at the beginning of period 4 (year 2008). W
e have assum

ed that high
m

itigation w
ill result in a higher probability of low

er econom
ic grow

th, i.e., 0.6 instead of 0.5
probability of low

 grow
th. F

urtherm
ore, this effect lags by 5 years

†. T
hus, decisions for the first

three periods are taken under m
itigation uncertainty and those for the first four under dem

and

                    
† T

h
ere sh

o
u

ld
 clearly b

e a lag b
etw

een
 th

e p
o

licy d
ecisio

n
 o

f severe m
itigatio

n
 an

d
 a p

o
ssib

le eco
n

o
m

ic slo
w

 d
o

w
n

. T
h

e
m

o
d

el h
as 5

 year tim
e p

erio
d

s. S
in

ce 1
0

 years ap
p

eared
 to

o
 lo

n
g fo

r an
 eco

n
o

m
ic rep

ercu
ssio

n
, w

e ch
o

se a lag o
f o

n
e

p
erio

d
.
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uncertainty. In the H
igh M

itigation event, cum
ulative G

H
G

 em
issions over 45 years m

ust not
exceed 1.87 B

illion tonnes of C
O

2-equivalent, w
hereas in the Low

 M
itigation event, they m

ust
not exceed 2.78 B

illion tonnes. In com
parison, if em

issions rem
ained constant from

 1993 to
2037, they w

ould am
ount to approxim

ately 3.1 B
illion tonnes. T

herefore, the Low
 m

itigation
cap represents a reduction of 10.5%

, and the H
igh m

itigation cap a reduction of nearly  40%
relative to constant em

issions. T
he fact  that the caps are not set for each period, but rather on

the cum
ulative em

issions, allow
s the energy system

 to "m
ake up" in later periods, if "m

istakes"
are m

ade in the early ones. T
he probabilities of these tw

o events are set at 0.5 each. A
s for the

different levels of dem
ands, the H

igh dem
ands exceed the Low

 ones by an average of 5 to 10%
.

N
ote also that the probability of high dem

and is low
er (0.4) given H

igh m
itigation has realized

than if Low
 m

itigation has realized (0.5), translating the additional econom
ic burden of large

abatem
ent 

efforts 
into 

a 
slow

ed 
dow

n 
econom

ic 
grow

th. 
T

he 
com

bination 
of 

these 
tw

o
uncertain events leads to the four branches of the stochastic M

A
R

K
A

L scenario.

R
em

ark:    T
he S

tochastic S
cenario leads to a single run of the (stochastic) m

odel, and therefore
to a single  strategy. H

ow
ever, that strategy contains contingent actions, w

hich w
ill differ at

periods later than the resolution dates. W
e w

ill call it the H
edging S

trategy. In contrast, the
classical approach of using several alternate scenarios (each determ

inistic) leads in turn to as
m

any strategies as there are scenarios (4 in our study). T
hese strategies w

ill differ betw
een

them
selves even prior to the resolution dates

 (as noted earlier, this is unrealistic, and constitutes
a m

ajor reason for using S
tochastic P

rogram
m

ing). W
e shall call these four strategies, the

"P
erfect F

oresight (P
F

)" strategies. T
he phrase “P

erfect F
oresight S

trategy” indicates that the
policy m

aker “believes” that a particular determ
inistic scenario w

ill realize, but in actual fact,
any one of the four possible futures m

ay yet happen; therefore, w
hen a particular scenario does

realize, the policy m
aker m

ust adjust his/her actions to respond correctly to the revealed state of
nature, by re-solving an optim

ization problem
 from

 the date of realization onw
ard.

T
he legend for strategies and scenarios is given in 

E
rror! R

eference source not found.  below
.

T
able 1 S

trategies and S
cenarios

S
T

R
A

T
E

G
Y

LE
G

E
N

D
D

E
S

C
R

IP
T

IO
N

P
E

R
F

E
C

T
P

F
-H

M
.H

D
P

erfect F
oresight S

trategy under 
H

igh M
itigation and H

igh D
em

and S
cenario

F
O

R
E

S
IG

H
T

P
F

-H
M

.LD
P

erfect F
oresight S

trategy under H
igh M

itigation and Low
 D

em
and S

cenario
P

F
-LM

.H
D

P
erfect F

oresight S
trategy under Low

 M
itigation and H

igh D
em

and S
cenario

P
F

-LM
.LD

P
erfect F

oresight S
trategy under Low

 M
itigation and Low

 D
em

and S
cenario

H
E

D
G

IN
G

H
S

-H
M

.H
D

H
edging S trategy if  H

igh M
itigation and H

igh D
em

and S
cenario occurs

H
S

-H
M

.LD
H

edging S
trategy if H

igh M
itigation and Low

 D
em

and S
cenario occurs

H
S

-LM
.H

D
H

edging S
trategy if Low

 M
itigation and H

igh D
em

and S
cenario occurs

H
S

-LM
.LD

H
edging S

trategy if Low
 M

itigation and Low
 D

em
and S

cenario occurs

T
he com

plete S
tochastic m

odel com
prised 28,940 constraints and 41,703 variables. It w

as
solved 

using 
the 

C
P

LE
X

 
optim

izer 
on 

a 
P

C
 

w
ith 

a 
133 

M
H

z 
P

entium
 

processor. 
T

he
com

putational tim
e w

as about 2 hours, starting from
 a null basis.

P
a

ge
 8

3 R
esults and A

nalysis

3.1  G
H

G
 E

m
issions

F
igure 

3 
show

s 
the 

annual 
G

H
G

 
em

ission 
trajectories 

under 
all 

 
strategy/scenario

com
binations. E

vidently, the hedging strategy takes a m
iddle path till the uncertainty is

resolved. S
ubsequently, the annual G

H
G

 em
ission falls sharply in case severe m

itigation
realizes.

N
ote that the annual em

issions w
ith hedging strategy are low

er than those w
ith perfect

foresight strategy under high m
itigation in later periods. T

his offsets the higher em
issions in

the pre-resolution period in order to m
eet the severe constraint on cum

ulative G
H

G
 em

ission.
T

he m
arginal costs of G

H
G

 abatem
ent are given in 

E
rror! R

eference source not found. . A
n

interesting fact is that w
ith hedging strategy, the shadow

 prices are null/negligible in the
event of low

 m
itigation. T

his m
eans that actions taken prior to the resolution are such that the

system
 w

ill n
a

tu
ra

lly  em
it less G

H
G

 over the entire horizon.

F
or the purpose of clarity, only the effect of m

itigation uncertainty is discussed in all
subsequent discussion in this paper. S

o, tw
o perfect foresight strategies have been com

pared
w

ith tw
o com

ponents of the hedging strategy, keeping the dem
and scenario fixed at the high
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T
able 2 S

hadow
 P

rices of C
um

ulative G
H

G
 E

m
ission C

onstraint (C
D

N
$/ton C

O
2)

S
C

E
N

A
R

IO
S

T
R

A
T

E
G

Y
P

E
R

F
E

C
T

 F
O

R
E

S
IG

H
T

H
E

D
G

IN
G

H
M

.H
D

374.86
1046.80

H
M

.LD
337.65

366.10
LM

.H
D

32.17
3.56

LM
.LD

8.55
0.00

3.1  A
ggregate E

nergy S
upply

F
igure 4, F

igure 5, F
igure 6, and F

igure 7 show
 the aggregate supply of electricity, natural

gas, oil and renew
able energy respectively. It is evident that electricity (hydro based) and

renew
able energy substitute oil in response to a severe carbon m

itigation. N
ote that prior to

resolution, electricity (Figure 4 ) adopts a “m
iddle-of-the-road” position com

pared to the low
and high m

itigation levels, w
hereas, natural gas (

F
igure 5 ) and renew

able energy (
F

igure 7 )
are closer to their levels under a low

 m
itigation strategy. O

n the other hand, oil (
F

igure 6 ) is
closer to the high m

itigation trajectory. T
his is clear evidence that a hedging strategy cannot

be derived from
 the perfect foresight strategies via a sim

ple “averaging” procedure.

0

200

400

600

800

1000

12001995
2000

2005
2010

2015
2020

2025
2030

2035

Y
E

A
R

PETAJOULES

H
S

-H
M

.H
D

H
S

-LM
.H

D
P

F
-H

M
.H

D
P

F
-LM

.H
D

F
igure 4  A

ggregate S
upply of E

lectricity

P
a

ge
 1

0

0

100

200

300

400

500

6001995
2000

2005
2010

2015
2020

2025
2030

2035

Y
E

A
R

PETAJOULES

H
S

-H
M

.H
D

H
S

-LM
.H

D
P

F
-H

M
.H

D
P

F
-LM

.H
D

F
igure 5  A

ggregate S
upply of N

atural G
as

0

100

200

300

400

500

600

700

8001995
2000

2005
2010

2015
2020

2025
2030

2035

Y
E

A
R

PETAJOULES

H
S

-H
M

.H
D

H
S

-LM
.H

D
P

F
-H

M
.H

D
P

F
-LM

.H
D

F
igure 6  A

ggregate S
upply of O

il



P
a

ge
 1

1

0

100

200

300

400

500

600

7001995
2000

2005
2010

2015
2020

2025
2030

2035

Y
E

A
R

PETAJOULES

H
S

-H
M

.H
D

H
S

-LM
.H

D
P

F
-H

M
.H

D
P

F
-LM

.H
D

F
igure 7  A

ggregate S
upply of R

enew
able E

nergy

3.3  T
echnology M

ix

T
echnology selections prior to the resolution of m

itigation uncertainty indicate the role of
various technologies in carbon m

itigation. In w
hat follow

s, w
e propose a classification of

technologies according to the role they play in the hedging strategy versus the individual
determ

inistic scenarios, prior to the resolution of m
itigation uncertainty. Indeed, the pre-

resolution periods are the crucial ones insofar as they require judicious decisions w
hile still

facing m
ajor uncertainties. T

he decisions recom
m

ended by stochastic program
m

ing usually
differ 

from
 

those 
recom

m
ended 

by 
individual 

determ
inistic 

scenarios. 
W

e 
propose 

the
follow

ing categories:

1. R
obust :  T

echnologies that have identical profiles across all determ
inistic and probabilistic

m
itigation scenarios.

2. H
igh M

itigation options :  T
echnologies that assum

e a trajectory sim
ilar to that of the severe

m
itigation scenario even before the G

H
G

 m
itigation uncertainty is resolved.

3. Low
 M

itigation options :  S
elections that follow

 the low
 m

itigation path till the resolution of
uncertainty.

4. C
om

prom
ise :  T

echnologies that have trajectories lying in betw
een those obtained under the

tw
o perfect foresight strategies, prior to the resolution date.

P
a

ge
 1

2

5. S
uper M

itigation options :  P
rior to resolution of m

itigation uncertainty, the selection is higher
than that in either of the perfect foresight strategies.

6. S
ub M

itigation options :  P
rior to resolution of m

itigation uncertainty, the selection is low
er

than that in either of the perfect foresight strategies.

C
ategories 5 and 6 are especially interesting and som

ew
hat counter intuitive. T

hey form
 a set

that m
ay be called transitional . T

he transitional  technologies conclusively show
 that scenario

aggregation through stochastic program
m

ing m
ay lead to a solution w

hich cannot easily be
derived from

 a com
bination of the solutions of determ

inistic individual scenarios. A
 brief

description of technology choices m
ade in different energy supply and end-use sectors is given

below
.

E
lectricity G

eneration S
ector

:  Increasing the aggregate electricity supply turns out to be a
com

prom
ise option, according to the above definition. A

ggregate electricity generation capacity
follow

s an interm
ediate trajectory till resolution of m

itigation uncertainty (year 2010), as show
n

in F
igure 8 . In case of severe m

itigation realization, additional capacity is created im
m

ediately
to m

ake the overall capacity m
ore than that in the corresponding perfect foresight scenario.

U
nder the hedging strategy, the investm

ent in hydro based electricity generation capacity is
delayed and that in w

ind based electricity is advanced (
F

igure 9 ), com
pared to the high

m
itigation perfect foresight strategy. W

ind based technologies penetrate only in the event of
severe m

itigation.

In initial periods, the m
arginal value of electricity is 2.5 cents per kW

h in the low
 m

itigation
determ

inistic scenario. A
t later periods, it is m

ore than 6 cents under severe m
itigation scenario.

U
nder the hedging strategy, the m

arginal value increases to 3.5 cents per kW
h in the second

period and then follow
s the trend of the respective perfect foresight strategies.

T
ransport S

ector :  T
he oil based technologies are in the 

com
prom

ise  category, as show
n in

F
igure 10 . H

ow
ever, electricity based transport vehicles (i.e. electric cars) fall in the 

super
m

itigation  category, as show
n by the large penetration of electricity in 2005 (

F
igure 11 ).

C
om

m
ercial S

ector :  B
oth electricity and gas based technologies are high m

itigation options in
2000, and com

prom
ise options in 2005, as show

n in 
F

igure 12  and F
igure 13 . N

ote that high
m

itigation increases electricity consum
ption, but decreases gas consum

ption in this sector.

R
esidential S

ector :  B
oth electricity and gas based technologies are in the 

com
prom

ise  category.
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3.4  D
iscounted system

 costs

U
nder the hedging strategy, the expected discounted system

 cost is higher than the w
eighted

average of the four system
 costs obtained for the determ

inistic scenarios. T
his is so because the

latter quantity is equal to the expected system
 cost under perfect inform

ation (i.e. if all
uncertainties w

ere resolved in 1995). T
he difference betw

een the tw
o quantities represents

precisely the Expected V
alue of P

erfect Inform
ation

 or E
V

P
I , equal to $4.86 billion in our case.

T
his is how

 m
uch it w

ould be w
orth to us to know

 the truth about the future right now
 (and of

course then act accordingly by choosing the adequate perfect foresight strategy).

A
nother interesting cost w

e m
ight w

ant to know
 is that w

hich w
ould be incurred if a particular

perfect foresight strategy w
ere adopted, even though the future events w

ere not  know
n. E

ach
choice of a perfect foresight strategy at the beginning of the planning horizon is associated w

ith
four possible scenarios, only one of w

hich conform
s w

ith the decision m
aker’s initial belief.

H
ence, for the three other cases, the actual cost incurred is higher than anticipated by the P

erfect
F

oresight strategy adopted. In this w
ay, w

e can define an 
expected value of loss

 for each of the
perfect foresight strategies, over that of the hedging strategy. 

T
able 3  exhibits the values for

each of the four P
F

 strategies (follow
ing the hedging strategy is precisely the w

ay to avoid these
costs, w

hich m
ay be seen as the penalties for follow

ing a P
F

 strategy, w
ithout regard for the

probabilistic nature of future events).

R
em

ark :  T
he costs of w

rong initial assum
ptions have been determ

ined through the follow
ing

tw
o-step process:

S
tep 1 The m

odel w
as run w

ith the param
eters corresponding to the assum

ed perfect foresight
scenario. T

hen, appropriate bounds w
ere added to the m

odel in order to freeze all the decisions
taken prior to the resolution of uncertainty.
S

tep 2 T
he m

odel w
as run again w

ith the param
eters of the realized scenario and the initial

decisions frozen according to the assum
ed scenario. T

he difference betw
een the system

 cost
derived from

 the  second run and that derived from
 the hedging strategy is the required cost.

S
T

R
A

T
E

G
Y

P
F

-H
M

.H
D

P
F

-H
M

.LD
P

F
-LM

.H
D

P
F

-LM
.LD

E
V

 of LO
S

S
3.27

0.58
10.42

12.50

T
able 3  E

xpected V
alue of Loss under P

erfect F
oresight S

trategies (C
D

N
$ B

illion)

A
s can be seen from

 
T

able 3 , the losses are rather high, especially if one of the low
m

itigation P
F

 strategies is adopted. T
he least expensive of the P

F
 strategies is H

igh
M

itigation com
bined w

ith low
 dem

and, w
ith an expected discounted loss of $580 m

illion.

4. C
onclusion

In this research, w
e have presented a stochastic program

m
ing version of M

A
R

K
A

L and applied
it to the analysis of G

H
G

 abatem
ent in Q

uébec over the next 40 years, under contrasted
uncertain G

H
G

 em
ission caps. T

he analysis of results has pointed at certain technologies w
hich

should play a key  role in the initial three periods (until 2013), inasm
uch as they represent

robust hedging choices under the probabilistic scenario. In m
ost sectors, the recom

m
ended
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hedging decisions are m
arkedly different from

 those under any determ
inistic scenario, thus

justifying the use of the stochastic program
m

ing approach. In a few
 cases (notably electric

vehicles), the hedging decision does not even lie at an interm
ediate level betw

een those of the
extrem

e determ
inistic scenarios,  w

hich m
akes the m

ethodology even m
ore pertinent.

W
e have also been able to com

pute the expected value of perfect inform
ation (E

V
P

I), i.e., the
value of resolving today the m

ain uncertainties considered in the m
odel. T

he E
V

P
I is in excess

of 
$4 

billion, 
show

ing 
that 

it 
is 

econom
ically 

im
portant 

to 
speed 

up 
the 

acquisition 
of

know
ledge on the global w

arm
ing issue.

F
inally, the analysis has also perm

itted to evaluate the cost incurred by follow
ing a perfect

foresight strategy, i.e., of ignoring the uncertainties w
hile devising a strategy. T

he rather large
values of such losses pleads in favor of the stochastic program

m
ing approach.
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Appendix I:  Stochastic Programming

The formulation described here is based on Dantzig (1955) and Wets (1989).  The notation has
been devised to closely represent the problem context.

A general multi-period multi-stage stochastic program is given in (1) to (3).

Minimize

Z = C(t,s)X(t,s)p(t,s)
t T s S(t)∈ ∈
∑ ∑ (1)

Subject to:

A t s X t s b t s( , ) ( , ) ( , )≥                                                               ∀ ∈ ∀ ∈t T s S t, ( ) (2)

D s X t s e s( ) ( , ) ( )≥                                                                        ∀ ∈s S (3)

where,

t = time period
T = set of time periods
s = scenario index
S(t) = set of scenario indices for time period t

for Figure 1,
S(1) = 1;  S(2) = 1;  S(3) = 1;  S(4) = 1,2;  S(5) = 1,2,3,4;  S(6) = 1,2,3,4;
S(7) = 1,2,3,4;  S(8) = 1,2,3,4;  S(9) = 1,2,3,4

X(t,s) = (row) vector of decision variables in period t, under scenario s
C(t,s) = cost (row) vector
p(t,s) = event probabilities
A(t,s) = coefficient matrix (single period constraints) in time period t, under scenario s
b(t,s) = right hand side (column) vector (single period constraints) in time period t,

under scenario s
D(s) = coefficient matrix (multi-period constraints) under scenario s
e(s) = right hand side (column) vector (multi-period constraints) under scenario s
S = set of scenario indices in the last period


