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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:
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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));

*me

Day-­‐Ahead	
  
(DA)	
  market

Ancillary	
  Services	
  
(AS)	
  market

power	
  dispatch

-­‐1	
  day -­‐1	
  hour current	
  *me

submit	
  
bids/offers

submit	
  
bids/offers

decide	
  
power	
  set-­‐points

E-­‐Program AGCAS	
  price

BRP

• In	
  E-­‐PRICE,	
  we	
  proposed	
  new	
  control	
  strategies	
  for	
  solving:

-­‐ The	
  two	
  bidding	
  problems	
  

-­‐ The	
  power	
  dispatch	
  problem

-­‐2	
  day

Bilateral
Contracts

?

??
• The	
  decision	
  process	
  is	
  heavily	
  affected	
  by	
  uncertainty	
  
(prices,	
  load,	
  renewables,	
  ...)



0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
0

10

20

30

40

50

60

70

80

90
Day Ahead bidding curve

Energy [MWh]

Pr
ic

e 
[E

U
R

 / 
M

W
h]

 

 

Bidding	
  on	
  the	
  Day-­‐Ahead	
  (EXchange)	
  market

For	
  each	
  hour,	
  given:

1. 	
  generator	
  data	
  (current	
  power	
  profile,	
  min	
  and	
  max	
  power,	
  efficiency,	
  etc.)
2. 	
  expected	
  load	
  and	
  wind	
  profiles	
  for	
  each	
  hour	
  of	
  the	
  following	
  day	
  
3. 	
  scenarios	
  for	
  AS	
  prices,	
  which	
  are	
  not	
  disclosed	
  yet	
  (stochas5c	
  disturbance)
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• Price-­‐taking	
  point	
  of	
  view:	
  the	
  offer	
  has	
  no	
  influence	
  on	
  the	
  cleared	
  price

• Profit:	
  for	
  each	
  hour,	
  for	
  each	
  fixed	
  price	
  	
  	
  	
  	
  	
  	
  	
  ,	
  the	
  profit	
  is

• Objec5ve:	
  minimize	
  {CVaR	
  of	
  Profit}

• Constraints:
-­‐ producXon	
  limits
-­‐ internal	
  balancing	
  
-­‐ non-­‐decreasing	
  condiXons

P = λdaxda + λasxas − (c2p
2 + c1p+ c0)

λda
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  on	
  the	
  day-­‐ahead	
  (DA)	
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Bidding	
  on	
  AS	
  market	
  (double-­‐sided	
  market)

• AS	
  bidding	
  algorithm:	
  for	
  each	
  (supply,	
  request)	
  price	
  pair,	
  compute	
  the	
  best	
  energy	
  
alloca5on	
  (considering	
  stochasXc	
  scenarios	
  of	
  available	
  wind	
  power	
  minus	
  load)
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Simulation	
  results
• Economic	
  performance	
  metrics	
  calculated	
  to	
  test	
  the	
  
effecXveness	
  of	
  the	
  E-­‐Price	
  market	
  structure	
  and	
  algorithms

• Dutch	
  TN:	
  7	
  BRPs	
  consisXng	
  of	
  gas/coal	
  plants	
  and	
  wind	
  farms

• Wind	
  power	
  forecast	
  in	
  E-­‐program	
  =	
  actual	
  wind	
  power:

Production	
  Costs	
  (€) Imbalance	
  Costs	
  (€) AS	
  Profit	
  (€)

Single-­‐sided	
  market	
   1,821,846 36,602 285,294

Double-­‐sided	
  market 1,824,743 16,899 366,895

• Imprecise	
  wind	
  forecast	
  (actual	
  wind	
  power	
  >	
  expected	
  during	
  DA	
  bidding):

Production	
  Costs	
  (€) Imbalance	
  Costs	
  (€) AS	
  Profit	
  (€)

Single-­‐sided	
  market	
   1,749,858 105,577 347,151

Double-­‐sided	
  market 1,750,263 98,024 452,491

• As	
  creaXng	
  imbalance	
  is	
  more	
  expensive	
  in	
  the	
  double-­‐sided	
  market,	
  BRPs	
  have
higher	
  incenXves	
  to	
  efficiently	
  allocate	
  resources

-­‐ SimulaXon	
  =	
  1	
  day
-­‐ Sum	
  of	
  all	
  BRPs



• Current	
  practice:

-­‐ On	
  the	
  day-­‐ahead:	
  schedule	
  generators	
  and	
  compute	
  
power	
  set-­‐points	
  (often	
  based	
  on	
  rough	
  estimates	
  of	
  uncertainty)

-­‐ In	
  real-­‐time:	
  track	
  power	
  set-­‐points	
  

• Cons:

-­‐ difficulty	
  in	
  handling	
  ramp-­‐rate	
  constraints
-­‐ difficulty	
  in	
  handling	
  PTU	
  coupling
-­‐ sharp	
  economic	
  optimization	
  needed

Real-­‐time	
  power	
  dispatch	
  problem
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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:
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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



Real-­‐time	
  power	
  dispatch	
  control
• Control	
  problem:	
  determine	
  power	
  set-­‐points	
  for	
  the	
  
controllable	
  generators

• Goal	
  #1:	
  Minimize	
  generation	
  costs	
  
(=use	
  intermittent	
  resources	
  as	
  much	
  as	
  possible)

• Goal	
  #2:	
  “Economically”	
  track	
  the	
  E-­‐Program	
  (sometimes	
  it	
  may	
  be	
  
convenient	
  to	
  deviate	
  from	
  E-­‐Program,	
  depending	
  on	
  imbalance	
  prices)

• We	
  consider	
  energy	
  and	
  power	
  time	
  scales	
  to	
  decompose	
  the	
  problem	
  
from	
  a	
  temporal	
  point	
  of	
  view	
  in	
  two	
  layers:

– Energy	
  time-­‐scale	
  (30-­‐60	
  sec):	
  economic	
  optimization	
  	
  to	
  determine	
  power	
  
and	
  energy	
  set-­‐points

– Power	
  time-­‐scale	
  (4	
  sec):	
  refine	
  power	
  profiles	
  to	
  minimize	
  tracking	
  error,	
  
considering	
  detailed	
  dynamics	
  and	
  constraints	
  of	
  the	
  generators



Two-­‐timescale	
  hierarchical	
  control	
  solution

power	
  .me-­‐scale	
  (4	
  sec)

TSOUpper-­‐level	
  control	
  (economic	
  op5miza5on)

Lower-­‐level	
  control	
  (tracking)

-­‐ E-­‐Program	
  and	
  generators’	
  schedule
-­‐ generaXon	
  costs
-­‐ imbalance	
  costs
-­‐ generator	
  constraints
-­‐ esXmated	
  disturbances	
  
(wind,	
  load,	
  imbalance	
  prices,	
  AS	
  bids...)

-­‐ tracking	
  error
-­‐ detailed	
  generator	
  dynamics
-­‐ operaXng	
  constraints	
  on	
  generators

real-­‐5me	
  power	
  set-­‐points

energy	
  and	
  
power	
  set-­‐points

physical	
  system
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Model	
  Predictive	
  Control	
  (MPC)	
  approach

• MPC	
  strategy:

– At	
  every	
  Xme	
  step	
  k,	
  solve	
  an	
  opXmal	
  control	
  
problem	
  over	
  a	
  Xme	
  window	
  horizon	
  of	
  N steps

– Apply	
  the	
  first	
  control	
  move	
  u(k|k)

– At	
  Xme	
  k+1,	
  get	
  new	
  measurements	
  
and	
  repeat	
  the	
  opXmizaXon

model-­‐based	
  op(mizer process

set-­‐point

measurements

disturbance

control	
  input

output

Use	
  a	
  dynamical	
  model	
  of	
  the	
  process	
  to	
  predict	
  its	
  
future	
  evoluXon	
  and	
  choose	
  the	
  “best”	
  control	
  signal
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• 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
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  (surplus),	
  TSO	
  buys	
  this	
  energy	
  from	
  BRP	
  at	
  price	
  

• If	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (shortage),	
  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

BRP	
  model	
  on	
  the	
  energy	
  time-­‐scale

∆(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)



• Detailed	
  model	
  of	
  generator	
  dynamics	
  is	
  considered	
  in	
  the	
  lower	
  level

• This	
  model	
  consists	
  of	
  two	
  parts:
– a	
  fast	
  model	
  for	
  primary	
  reserve	
  action,

– a	
  slow	
  model	
  for	
  the	
  secondary	
  reserve	
  activation,	
  

– the	
  generator	
  power	
  output	
  is	
  given	
  by	
  their	
  sum,

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

• The	
  overall	
  BRP	
  model	
  is	
  given	
  by	
  aggregating	
  all	
  np	
  generators	
  models

pislow(s) =
e
−Ti

delays

τ is+1 (ui(s) + piprim(s))

BRP	
  model	
  on	
  the	
  power	
  time	
  scale

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)



Simulation	
  results

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

•Comparison	
  against	
  heuristic	
  Set-­‐Point	
  Tracking	
  (SPT):	
  
– static	
  computation	
  of	
  power	
  set-­‐points	
  for	
  each	
  plant	
  of	
  the	
  BRP,	
  done	
  on	
  
the	
  day-­‐ahead	
  to	
  track	
  the	
  E-­‐Program

•Simulation	
  interval:	
  16	
  PTUs	
  (4	
  hours)



Simulation	
  results
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• Historical	
  data	
  used	
  to	
  carry	
  out	
  simulaXons	
  
(from	
  TenneT	
  and	
  KEMA)

imbalance	
  prices



• MPC	
  outperforms	
  SPT	
  in	
  terms	
  of	
  both	
  constraints	
  fulfillment	
  and	
  total	
  cost

Simulation	
  results

Controller Genera*on Imbalance Total	
  cost

MPC 578,674_€ -­‐49,057_€ 529,617_€

SPT 549,257_€ -­‐3,285_€ 545,973_€
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x ramp-­‐rate	
  violaXons	
  at	
  PTU	
  crossings

x do	
  not	
  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

CPU time on a MacBook
Upper level ≈ 250 ms
Lower level ≈ 600 ms

16	
  k€	
  saved
≈	
  96	
  k€/day



Conclusions
•New	
  optimization-­‐based	
  algorithms	
  for	
  real-­‐time	
  power	
  dispatch	
  
and	
  optimal	
  bidding	
  for	
  BRPs

• Pros	
  and	
  cons:

✖ Need	
  dynamical	
  models,	
  historical	
  data	
  (renewable	
  energy,	
  prices,	
  demand,	
  ...)
✖ Need	
  to	
  gather	
  data	
  in	
  real-­‐time	
  from	
  distributed	
  energy	
  resources	
  to	
  take	
  decisions	
  

✓Reliable	
  and	
  robust	
  solution	
  for	
  integrating	
  renewables
✓Reduced	
  generation	
  costs	
  and	
  imbalance	
  costs
✓Respond	
  promptly	
  to	
  signals	
  sent	
  by	
  TSO
✓Handle	
  ramp-­‐rate	
  limits,	
  safely	
  eliminating	
  discrepancies	
  at	
  PTU	
  crossings
✓Handle	
  risk	
  associated	
  to	
  bidding	
  in	
  an	
  optimal	
  way
✓Useful	
  decision	
  support	
  system	
  for	
  market	
  operators
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