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Present	
  arrangements	
  in	
  power	
  systems:	
  
•	
  	
  have	
  many	
  inefficiencies
•	
  	
  are	
  not	
  suited	
  to	
  cope	
  with	
  future	
  developments
•	
  	
  didn’t	
  have	
  sufficient	
  incentives	
  for	
  ”proper”	
  behavior

Self-­‐regulating*	
  approach	
  for	
  a	
  reliable	
  and	
  
economic	
  power	
  system	
  that	
  can	
  cope	
  

with	
  future	
  challenges

Neither	
  reliable,	
  nor	
  economic,	
  nor	
  self-­‐regulating*

*	
  Self-­‐regulating:	
  if	
  all	
  parties	
  try	
  to	
  achieve	
  their	
  own	
  goals,	
  the	
  overall	
  objectives	
  are	
  	
  achieved	
  and	
  
global	
  constraints	
  are	
  sa1sfied	
  (incen1ve-­‐based	
  control)
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Outline

• Stochastic	
  MPC	
  algorithms	
  for	
  solving	
  complex	
  decision	
  problems	
  
arising	
  in	
  management	
  of	
  Balance	
  Responsible	
  Partners	
  (BRP).
– Real-­‐time	
  power	
  dispatch
– Bidding	
  on	
  day-­‐ahead	
  (DA)	
  and	
  Ancillary	
  Services	
  (AS)	
  markets

3
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• Balance	
  Responsible	
  Parties	
  (BRPs)	
  participate	
  to	
  the	
  various	
  energy	
  
markets	
  and	
  trade	
  electricity	
  to	
  satisfy	
  their	
  loads	
  and	
  make	
  profits

• Optimal	
  control	
  of	
  BRPs	
  is	
  a	
  challenging	
  task,	
  as	
  in	
  real-­‐time	
  a	
  BRP	
  must:

✓ fulfill	
  its	
  E-­‐Program,	
  plus	
  perturbations	
  induced	
  by	
  uncertainties
– intermittent	
  generation	
  from	
  renewable	
  sources
– time-­‐varying	
  internal	
  loads	
  

✓ react	
  to	
  signals	
  arriving	
  from	
  the	
  TSO
– frequency	
  deviations,	
  Ancillary	
  Services	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

bids	
  activated	
  by	
  the	
  TSO

✓ minimize	
  generation	
  and	
  imbalance	
  costs
– time-­‐varying,	
  stochastic	
  imbalance	
  prices

✓ consider	
  plants	
  dynamics	
  and	
  respect	
  constraints
– bounds	
  on	
  power	
  output,	
  ramp-­‐rate	
  constraints

4
!"#$%&'()*+,-. /0+.(1&2,(.34536(&7+85,+19&:&;!"&<=7>?@&2AB&C4A++1&:&D,(85+E&FG8(&@;E&@HII ;;

# $%&'(%)&*+%!,+-&.,+/-0'1&20*313+%1&'41!&/0&!(50%&4%20,&!"#$%&'("&)

# *+,!-&&*+%!,+-&(..,+(*"01&2+&%+!&'+20-&4%*0,!(3%!)&6+%-)&(114'0&!"(!&31&
/+4%2027&(%2&.0113'31!3*(--)&*+%1320,&!"0&8+,1!&*(10

# .&+#/'-&(#01+2$3-&.,+9320&(223!3+%(-&3%:+,'(!3+%&(/+4!&4%*0,!(3%!)

Need to include stochastic models in control problem formulation

J38.!K+1-,&*+J(,

*,34(K

J-5(,

.()-8.

AG)-8&L385(,M-453+8

? ? ? ? ?

!"#$%&'()*+,-. /0+.(1&2,(.34536(&7+85,+19&:&;!"&<=7>?@&2AB&C4A++1&:&D,(85+E&FG8(&@;E&@HII ;;

# $%&'(%)&*+%!,+-&.,+/-0'1&20*313+%1&'41!&/0&!(50%&4%20,&!"#$%&'("&)

# *+,!-&&*+%!,+-&(..,+(*"01&2+&%+!&'+20-&4%*0,!(3%!)&6+%-)&(114'0&!"(!&31&
/+4%2027&(%2&.0113'31!3*(--)&*+%1320,&!"0&8+,1!&*(10

# .&+#/'-&(#01+2$3-&.,+9320&(223!3+%(-&3%:+,'(!3+%&(/+4!&4%*0,!(3%!)

Need to include stochastic models in control problem formulation

J38.!K+1-,&*+J(,

*,34(K

J-5(,

.()-8.

AG)-8&L385(,M-453+8

? ? ? ? ?

Wind

Imbalance	
  
Prices

Load



• Current	
  practice:
✓ Day-­‐Ahead:	
  generators	
  schedule	
  and	
  power	
  setpoints	
  computation
– Unit	
  commitment:	
  power	
  setpoints	
  are	
  based	
  on	
  rough	
  uncertainty	
  estimates

✓ In	
  real-­‐time:	
  track	
  setpoints
– response	
  to	
  momentary	
  input	
  values

• Cons:
– difficulty	
  in	
  handling	
  ramp-­‐rate	
  constraints
– difficulty	
  in	
  handling	
  PTU	
  coupling	
  (no	
  integral	
  action)
– rough	
  economic	
  optimization
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6.3. PREDICTIVE REAL-TIME DISPATCH 123
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w
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Conventional real-time economic dispatch
Predictive real-time economic dispatch

Figure 6.3: Operating principles of the conventional and predictive real-time economic
dispatch algorithms.

of deregulated energy markets to maximize profit), while satisfying a number of
constraints:

• The minimum and maximum power that each generator can deliver.

• The ramp rate limits for ramping up and down for each individual generator.

• The availability of control and reserve capacity, for own use and to offer as
balancing capacity to the imbalance settlement system of the TSO.

Note that the energy balance per PTU is not regarded as a constraint anymore. It is
considered as part of the objective function as imbalance will lead to payment of an
imbalance price. As was concluded from the previous section, the ramping constraints
often cause imbalance. These are expected to decrease in the optimization.

Predictive real-time economic dispatch minimizes a cost function over a prediction
horizon Tpred with sampling time τs to define its optimal path over a control horizon
Tctrl . For the real-time economic dispatch, the marginal cost function G

�
Pi (t)
�

is given
in equation 6.2 and assumed to be convex since gi

�
Pi (t)
�

and the imbalance costs are
also considered convex [54]. This cost function minimizes generation and imbalance
costs. Only these costs can be influenced in real-time and any other costs or revenues
from either bilateral or other trades as well as start-up costs are considered constant
(i.e., not a function of Pi (t)) in real-time. Therefore these costs are excluded from cost
function G
�

Pi (t)
�
.

min
Pi(t)

G
�

Pi (t)
�

(6.2a)

with:

G
�

Pi (t)
�
=
�

t∈Tpred

n�

i=1

gi
�

Pi (t)
�
τs +
�

PT U∈Tpred

�∆EPT U ·
�

�λimb,PT U −λPT U

�
(6.2b)

Figure 2.3: Operating principles of the conventional and predictive real-time economic dispatch algorithms.

Consider a system with state x ∈ Rn, input u ∈ Rm, output y ∈ Rp, and state and output update equations

x(k + 1) = Ax(k) +Bu(k) (2.2a)

y(k) = Cx(k) +Du(k) (2.2b)

respectively, where k ∈ N is the time index. The MPC optimization problem is composed of the equations that define

the system dynamics, the constraints on input, state and output, and the performance index that has to be optimized.

A classical choice of the performance index consists in using a quadratic function of the system state and input. In this

case, the finite-horizon MPC problem at time k is formulated as

min
U

xT
k+N |kPxk+N |k +

N−1�

i=0

xT
k+i|kQxk+i|k + uT

k+i|kRuk+i|k (2.3a)

s.t. xk|k = x(k) (2.3b)

xk+i+1|k = Axk+i|k +Buk+i|k, i = 0, . . . , N − 1, (2.3c)

umin ≤ uk+i|k ≤ umax, i = 0, . . . , N − 1, (2.3d)

xmin ≤ xk+i|k ≤ xmax, i = 1, . . . , N, (2.3e)

where xi|k and ui|k indicate respectively the state and input predicted at time i based on the state information available

at time k, with k, i ∈ N, and
U �

�
uT
k|k, u

T
k+1|k, . . . , u

T
k+N−1|k

�T
∈ RNm

is the sequence of manipulated variables to be optimized. In problem (2.3), N is the prediction horizon, P = PT �
0, Q = QT � 0 and R = RT � 0 are weight matrices of appropriate dimensions defining the performance index,

and umin, umax ∈ Rm, xmin, xmax ∈ Rn define component-wise constraints on input and state variables, respectively.

Problem (2.3) is a quadratic programming problem (QP).

In the absence of constraints (2.3d)-(2.3e), for N → ∞ (or for N < ∞ and by choosing P as the solution of the

algebraic Riccati equation associated with matrices A, B and weights Q, R as well), the MPC control law is equivalent to

the Linear Quadratic Regulator (LQR) [6]. The basic MPC control algorithm is based on the following iterations:

1. At time k, measure (or estimate) the current state x(k);

2. Solve the QP problem (2.3) to get the optimal sequence of future input moves U(x(k));

PTU	
  crossing
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• MPC	
  strategy:
– At	
  every	
  1me	
  step	
  k,	
   solve	
  a	
  stochas1c	
  op1mal	
  

control	
  problem	
  over	
  a	
  1me	
  horizon	
  of	
  N	
  steps
– Apply	
  the	
  first	
  control	
  move	
  u(k|k)
– At	
   1me	
   k+1,	
   get	
   new	
   measurements	
   and	
  

repeat	
  the	
  op1miza1on

Use	
  a	
  stochastic	
  dynamical	
  model	
  of	
  the	
  process	
  to	
  predict	
  its	
  
possible	
  future	
  evolutions	
  and	
  choose	
  the	
  “best”	
  control	
  action

processmodel-­‐based	
  optimizer

reference outputinput

measurements

r(t) u(t) y(t)

stochasticity
w(t)
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Two-­‐time-­‐scale	
  Hierarchical	
  Stochastic	
  MPC	
  controller

– increased	
  profits	
  due	
  to	
  real-­‐time	
  calculation	
  of	
  economically	
  optimal	
  setpoints
– improved	
  E-­‐Program	
  tracking	
  due	
  to	
  real-­‐time	
  integral	
  action
– effective	
  handling	
  of	
  ramp-­‐rate	
  constraints,	
  allowing	
  smooth	
  PTU	
  transitions



• Generation	
  costs	
  for	
  each	
  of	
  the	
  np	
  generators	
  are	
  modeled	
  as	
  convex	
  
quadratic	
  functions	
  of	
  the	
  power	
  p

• Energy	
  Imbalance	
  is	
  defined	
  as	
  the	
  difference	
  between	
  the	
  energy	
  
produced	
  by	
  the	
  BRP	
  and	
  the	
  energy	
  requested	
  by	
  the	
  TSO	
  at	
  PTU	
  n

• If	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (surplus),	
  TSO	
  buys	
  this	
  energy	
  from	
  BRP	
  at	
  price	
  

• If	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (shortfall),	
  BRP	
  buys	
  this	
  energy	
  from	
  TSO	
  at	
  price

• The	
  imbalance	
  prices	
  can	
  be	
  negative,	
  but	
  usually	
  

• Hence,	
  BRP	
  imbalance	
  costs	
  are	
  computed	
  as	
  

�IM (∆e) = 1
2 (λ

−
IM − λ+

IM )|∆e|− 1
2 (λ

−
IM + λ+

IM )∆e
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∆(e(n)) > 0 λ+
IM

∆(e(n)) < 0 λ−
IM

λ−
IM ≥ λ+

IM

�pi (p
i) = ai(pi)2 + bip̄i + ci, ai � 0, i ∈ {1, . . . , np}

∆e(n) = e(n)− efinal(n)
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On-­‐line,	
   using	
   historical	
   data,	
   build	
   an	
   optimal	
   scenario	
   tree	
   with	
   prespecified	
  
complexity.

Data-­‐driven	
  approach.	
  Learning	
  from	
  the	
  past	
  using	
  historical	
  data.

SMPC

Co
m
pl

ex
ity

Perform
ance

CE-MPC

Historical load, wind, imbalance 

Optimal Scenario Tree with 
user-defined number of nodes

Suitable for stochastic
multistage optimization

Scenario Not suitable for stochastic
multistage optimization!!!

Upper-­‐
Level	
  

Cri#cal	
  feature	
  for	
  real-­‐#me	
  applica#ons
We	
  can	
  control	
  the	
  trade-­‐off	
  between	
  complexity	
  and	
  performance!



• Detailed	
  model	
  of	
  generator	
  dynamics	
  is	
  considered	
  in	
  the	
  lower	
  level
• This	
  model	
  consists	
  of	
  two	
  parts:

– fast	
  model	
  for	
  primary	
  reserve	
  ac1on,	
  (low	
  and	
  a	
  high	
  pass	
  filter	
  in	
  series):

– slow	
  model	
  for	
  the	
  secondary	
  reserve	
  ac1va1on,	
  

– the	
  generator	
  power	
  output	
  is	
  given	
  by	
  their	
  sum,

• This	
  can	
  be	
  expressed	
  as	
  a	
  discrete-­‐1me	
  linear	
  system	
  with	
  4	
  states	
  and	
  1	
  input	
  
for	
  each	
  generator	
  i,	
  

• The	
  overall	
  BRP	
  model	
  is	
  given	
  by	
  aggrega1ng	
  all	
  np	
  generator	
  models

pislow(s) =
e
−Ti

delays

τ is+1 (ui(s) + piprim(s))
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  scale
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i ∈ {1, . . . , np}

xi(t+ 1) = Aixi(t) +Biui(t) + Eiδf(t)

yi(t) = Cixi(t)

pifast(s) =
τ i
H
s

τ i
H
s+1

Ki

τ i
L
s+1

piprim(s)

pi(s) = pifast(s) + pislow(s)
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Simula#on	
  results

• Consider	
  a	
  BRP	
  with	
  10	
  controllable	
  plants	
  and	
  1	
  wind	
  farm

• Comparison	
  of	
  HSMPC	
  against	
  

– SetPoint	
  Tracking	
  (SPT)	
  [current	
  practice]:	
  static	
  computation	
  of	
  power	
  
setpoints	
  for	
  each	
  plant	
  of	
  the	
  BRP,	
  done	
  on	
  the	
  day-­‐ahead	
  to	
  track	
  the	
  E-­‐
Program

– DMPC:	
  Deterministic	
  MPC	
  formulation	
  where	
  no	
  stochastic	
  models	
  of	
  the	
  
uncertainty	
  are	
  exploited

• Simulation	
  interval:	
  16	
  PTUs	
  (4	
  hours)
11
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• Historical	
  data	
  have	
  been	
  used	
  to	
  carry	
  out	
  simula1ons	
  (from	
  TenneT	
  and	
  KEMA)

Imbalance	
  prices



• HSMPC	
  outperforms	
  SPT	
  in	
  terms	
  of	
  both	
  constraints	
  fulfillment	
  and	
  total	
  cost
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Controller GeneraDon	
  (€) Imbalance	
  (€) Total	
  cost	
  (€) Savings	
  (€/hour)	
  

SPT 549,257 -­‐3,285_ 545,973

DMPC 578,674 -­‐49,057 529,617 4,089

SHMPC 591,517 -­‐73,139 518,378 6,899
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power	
  profiles	
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  SPT

x ramp-­‐rate	
  viola1ons	
  at	
  PTU	
  crossings
x can’t	
  take	
  advantage	
  of	
  imbalance	
  prices
x higher	
  total	
  cost
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✓ safe	
  handling	
  of	
  ramp-­‐rate	
  constraints
✓ exploits	
  imbalance	
  prices	
  to	
  make	
  profits
✓ fast	
  response	
  to	
  disturbances
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Op#mal	
  bidding	
  on	
  energy	
  markets

✓ decoupled	
  bidding	
  on	
  Day-­‐Ahead	
  and	
  Ancillary	
  Services	
  Markets,	
  BUT

✓ BRP	
  DA	
  EX	
  takes	
  into	
  account	
  AS	
  bids	
  as	
  stochastic	
  disturbances

✓ BRP	
  DA	
  AS	
  takes	
  place	
  after	
  DA	
  price	
  is	
  known.	
  Load	
  and	
  wind	
  are	
  treated	
  as	
  	
  

stochastic	
  disturbances

Op#mal	
  bidding	
  on	
  energy	
  markets
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Determine	
  price-­‐volume	
  pairs	
  to	
  bid	
  on	
  the	
  DA	
  and	
  AS	
  market
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BRP	
  DA	
  EX	
  algorithm

Given:
1.	
  a	
  discrete	
  set	
  of	
  spot	
  (EX)	
  prices
2.	
  expected	
  load	
  and	
  wind	
  profiles	
  for	
  each	
  hour	
  of	
  the	
  following	
  day	
  
3.	
  generators	
  specifications	
  (min	
  and	
  max	
  power,	
  efficiency,	
  etc.)
4.	
  scenarios	
  for	
  AS	
  upward/downward	
  prices	
  (stochastic	
  disturbance)

computes	
  the	
  optimal	
  allocation	
  of	
  energy	
  on	
  the	
  EX	
  market	
  for	
  each	
  hour	
  
and	
  for	
  each	
  EX	
  price,	
  such	
  that	
  
•	
  profits	
  (income	
  -­‐	
  generation	
  costs)	
  are	
  maximized	
  and	
  
•	
  imbalance	
  risks	
  are	
  minimized,	
  

	
  providing	
  24	
  bidding	
  curves,	
  one	
  for	
  each	
  hour	
  of	
  the	
  following	
  day

Plants	
  specs

Expected	
  wind
and	
  load

Market	
  
historical	
  data

BRP	
  DA	
  EX

bid	
  ladders	
  
(MWh	
  /	
  eur)

Bidding	
  algorithm	
  on	
  the	
  DA	
  market

15



• Constraints:	
  min	
  and	
  max	
  power	
  setpoint	
  of	
  the	
  generators,	
  internal	
  energy	
  balance,	
  
non-­‐decrease	
  of	
  the	
  bid	
  ladder	
  are	
  imposed	
  as	
  affine	
  equality	
  constraints

• Problem	
  formulation:	
  the	
  two-­‐stage	
  optimization	
  problem	
  is	
  formulated	
  as	
  a	
  
Quadratic	
  Program,	
  that	
  can	
  be	
  solved	
  efficiently

/22P.	
  Patrinos	
  et	
  al. HYCON2	
  Workshop	
  on	
  Energy

BRP	
  DA	
  EX	
  algorithmBidding	
  algorithm	
  for	
  DA	
  market

16

Control	
  objective:	
  minimize	
  the	
  Conditional	
  Value	
  at	
  
Risk	
  (CV@R),	
  a	
  risk	
  measure	
  of	
  the	
  profit	
  that	
  
quantifies	
  the	
  average	
  loss	
  above	
  a	
  given	
  threshold

Scenario	
  generation:	
  distribution	
  of	
  Ancillary	
  Services	
  
prices	
  is	
  inferred	
  from	
  real	
  historical	
  data	
  and	
  used	
  to	
  
construct	
  a	
  two-­‐stage	
  scenario	
  tree

p(w)

J
β=95%

things	
  go	
  wrongok

α

J(u,w)≥α

5%
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Ancillary	
  Services	
  market

BRPs	
  supply	
  reserve	
  capacity	
  power	
  to	
  the	
  system	
  (Current	
  system)
• 	
  	
  	
  	
  	
  	
  	
  	
  :	
  BRP	
  is	
  willing	
  to	
  be	
  paid	
  for	
  injecting	
  energy	
  (upward)
• 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  :	
  BRP	
  is	
  willing	
  to	
  be	
  paid	
  for	
  absorbing	
  energy	
  (downward)
S+

S−

λAS ≥ 0 S+ BRP → TSOBRP ← TSO

λAS < 0 S−
BRP ← TSOBRP ← TSO

Price Case energy	
  
direction

cash	
  flow	
  
direction

λASAS	
  price	
   can	
  be	
  positive	
  (upward)	
  or	
  negative	
  (downward)

Large	
  BRPs	
  are	
  obliged	
  to	
  commit	
  all	
  their	
  residual	
  capacity	
  on	
  the	
  AS	
  
market	
  by	
  submitting	
  AS	
  bids	
  (price-­‐volume	
  pairs)



R−
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Current	
  situation	
  
• The	
  BRP	
  submits	
  supply	
  curves.	
  

-­‐ Positive	
  price	
  for	
  upward	
  RRP	
  
-­‐ Negative	
  price	
  for	
  downward	
  RRP

E-­‐PRICE-­‐Double-­‐sided	
  AS	
  market
Request	
  for	
  reserve	
  capacity
• BRP	
  is	
  willing	
  to	
  pay	
  for	
  absorbing	
  	
  

or	
  injecting	
  	
  energy
• 	
  give	
  an	
  estimate	
  of	
  the	
  possible	
  

deviations	
  from	
  the	
  scheduled	
  E-­‐
program,	
  so	
  that	
  the	
  market	
  is	
  
prepared	
  and	
  can	
  react

• reduces	
  risk	
  of	
  imbalance
18

Bidding	
  algorithm	
  for	
  AS	
  markets

Upward 
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[MWh]
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• Scenario	
  based	
  optimization	
  problem	
  is	
  solved	
  where	
  a	
  loss	
  function	
  is	
  minimized.
• 	
  Done	
  for	
  a	
  discrete	
  set	
  of	
  λAS	
  	
  and	
  then	
  the	
  curve	
  is	
  interpolated.	
  
• Scenarios	
  define	
  prosumption	
  =	
  contribution	
  of	
  uncertain	
  wind	
  and	
  load.	
  

λASxAS − fc(ui)− λimb�iProfit	
  ith	
  scenario	
  =

• Decision	
  variables:

- xAS	
  energy	
  bid	
  on	
  AS	
  market	
  
- ui	
  	
  	
  	
  power	
  set-­‐point
- εi	
  	
  	
  	
  imbalance	
  

• Inputs:

- λAS	
  	
  	
  AS	
  price
- λimb	
  	
  	
  imbalance	
  price
- fc(.)	
  generation	
  costs

• Subject	
  to:
-­‐ production	
  boundaries	
  
-­‐ internal	
  balancing
-­‐ non	
  decreasing	
  conditions

19

Bidding	
  algorithms	
  for	
  AS	
  markets
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SimulaDon	
  results
Open	
  loop	
  simulation	
  results

-­‐ Comparison	
  with	
  perfect	
  information	
  cost	
  and	
  marginal	
  cost	
  bidding	
  strategy.	
  

20

Model mean	
  profit	
  (€) mean	
  imb	
  (MWh)

Perfect	
  info 59259 0

Marginal	
  cost 30598 -­‐300

BRP	
  AS	
  95% 32639 -­‐181

Simula#on	
  results

PTU

Profit
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Conclusions

• new	
  hierarchical	
  stochastic	
  model	
  predictive	
  control	
  algorithm	
  for	
  
real-­‐time	
  management	
  of	
  BRPs	
  
– provides	
  a	
  reliable	
  and	
  robust	
  solution	
  for	
  integrating	
  renewables
– reduces	
  generation	
  and	
  imbalance	
  costs
– responds	
  promptly	
  to	
  signals	
  sent	
  by	
  TSO
– handles	
  ramp-­‐rate	
  limits	
  safely	
  eliminating	
  discrepancies	
  at	
  PTU	
  

crossings

• new	
  scenario-­‐based	
  stochastic	
  optimization	
  algorithms	
  for	
  DA	
  and	
  
AS	
  bidding	
  
– 	
  optimal	
  trade-­‐off	
  between	
  expected	
  profit	
  and	
  	
  risk	
  [CV@R]
– integration	
  of	
  intermittent	
  energy	
  sources
– decoupling	
  between	
  EX	
  and	
  AS	
  markets

21
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