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How	
  can	
  loads	
  provide	
  reserves?	
  
	
  à	
  your	
  refrigerator	
  is	
  already	
  flexible	
  



Thousands	
  of	
  coordinated	
  thermal	
  loads	
  (TCLs)	
  
can	
  track	
  signals	
  and	
  provide	
  reserves	
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à	
  Air	
  condiJoners,	
  heat	
  pumps,	
  space	
  heaters,	
  electric	
  water	
  heaters,	
  refrigerators	
  

[Mathieu,	
  Koch,	
  and	
  Callaway	
  IEEE	
  Transac*ons	
  on	
  Power	
  Systems	
  2013]	
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Controller	
  gets	
  temperature/state	
  of	
  
each	
  load	
  every	
  2	
  seconds	
  	
  

Controller	
  infers	
  TCL	
  behavior	
  from	
  
power	
  measurements	
  at	
  the	
  substaJon	
  

[Mathieu,	
  Koch,	
  and	
  Callaway	
  IEEE	
  Transac*ons	
  on	
  Power	
  Systems	
  2013]	
  

Thousands	
  of	
  coordinated	
  thermal	
  loads	
  (TCLs)	
  
can	
  track	
  signals	
  and	
  provide	
  reserves	
  
à Air	
  condiJoners,	
  heat	
  pumps,	
  space	
  heaters,	
  electric	
  water	
  heaters,	
  refrigerators	
  
à The	
  more	
  the	
  controller	
  knows	
  about	
  the	
  load,	
  the	
  beXer	
  it	
  can	
  
coordinate	
  them	
  



Data	
  from	
  loads	
  
•  Parameters	
  

–  the	
  make/model	
  of	
  your	
  load?	
  
–  its	
  temperature	
  setpoint/dead-­‐band	
  width?	
  
–  some	
  informaJon	
  about	
  your	
  household?	
  

•  Real-­‐Jme	
  data	
  
– Measurements	
  of	
  the	
  on/off	
  state	
  and/or	
  
internal	
  temperature?	
  

–  Household	
  smart	
  meter	
  data?	
  
–  Power	
  measurements	
  from	
  the	
  

	
  distribuJon	
  network?	
  
•  Recorded	
  data	
  

–  high	
  resoluJon	
  power	
  measurements	
  of	
  
each	
  load?	
  

J.	
  Mathieu,	
  UMich	
  

à	
  Modeling	
  

à	
  Feedback	
  
	
  control	
  

à	
  AudiJng	
  

High	
  quality,	
  infrequent	
  	
  

Low	
  quality,	
  frequent	
  



Research	
  QuesJons	
  

•  How	
  can	
  we	
  leverage	
  exisJng	
  imperfect	
  
communicaJon	
  networks	
  for	
  load	
  
coordinaJon?	
  

•  How	
  can	
  we	
  schedule	
  loads	
  to	
  provide	
  
reserves	
  when	
  the	
  reserve	
  capacity	
  available	
  
from	
  load	
  aggregaJons	
  is	
  inherently	
  
uncertain?	
  

J.	
  Mathieu,	
  UMich	
  



CommunicaJon	
  &	
  Control	
  Scenario	
  

Load	
  
aggregator	
  

substaJon	
  

Infrequent	
  state	
  
measurements	
  

Frequent	
  
aggregate	
  

power	
  (output)	
  
measurements	
  

De
la
y	
  

Delay	
  

((	
  	
  ))	
  
broadcast	
  

Delay	
  

[Ledva,	
  VreXos,	
  Mastellone,	
  Andersson,	
  &	
  Mathieu	
  HICSS	
  2015]	
  



System	
  block	
  diagram	
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Delays cause unsynchronized arrivals of inputs at the loads and 
measurements at the controller	
  
	
  



The	
  challenge	
  

•  Design	
  an	
  esJmator	
  and	
  controller	
  to	
  enable	
  
loads	
  to	
  track	
  a	
  signal	
  despite	
  delays	
  

•  Assuming…	
  
–  Control	
  inputs	
  &	
  measurements	
  are	
  Jme-­‐stamped	
  
– Delay	
  staJsJcs	
  are	
  known	
  
–  State	
  measurements	
  are	
  taken	
  frequently;	
  
measurement	
  histories	
  are	
  transmiXed	
  infrequently	
  

– Aggregate	
  power	
  measurements	
  are	
  very	
  noisy	
  
(though	
  the	
  noise	
  is	
  normally	
  distributed,	
  zero-­‐mean,	
  
and	
  the	
  standard	
  deviaJon	
  is	
  known)	
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Individual	
  TCL	
  Model	
  (Plant)	
  
Each	
  TCL, i,	
  can	
  be	
  modeled	
  with	
   	
   	
   	
   	
   	
  
	
  a	
  stochasJc	
  hybrid	
  difference	
  	
   	
   	
  	
  
	
  equaJon:	
  

	
  
	
  

ON 

OFF 

temperature 

st
at

e 
[Ihara	
  &	
  Schweppe	
  1981,	
  Mortensen	
  &	
  Haggerty	
  1990,	
  Uçak	
  &	
  Çağlar	
  1998]	
  

10	
  J.	
  Mathieu,	
  UMich	
  

IEEE TRANSACTIONS ON POWER SYSTEMS 1

State Estimation and Control of Electric Loads to
Manage Real-Time Energy Imbalance
Johanna L. Mathieu, Student Member, IEEE, Stephan Koch, Student Member, IEEE,

Duncan S. Callaway, Member, IEEE

mi,t+1 =

⎧

⎪

⎨

⎪

⎩

0, θi,t+1 < θset,i − δi/2

1, θi,t+1 > θset,i + δi/2

mi,t, otherwise
(1)

θset + δ/2

θset − δ/2
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Parameter Meaning Value
θset temperature setpoint 15-25◦C
δ dead-band width 0.25-1◦C
θa ambient temperature 32◦C
R thermal resistance 1.5-2.5◦C/kW
C thermal capacitance 8-12 kWh/◦C
Prate rated power 10-18 kW

θi,t+1 = aiθi,t + (1 − ai)(θa,i − mi,tθg,i) + ϵi,t (1)

x(k + 1) = Ax(k) + Bu(k) + Bωω(k) (2)

y(k) = Cx(k) + ν(k) (3)

Bω =

⎡

⎢

⎢

⎢

⎣

1 0
. . .

0 1
−1 ... −1

⎤

⎥

⎥

⎥

⎦

(4)

ugoal(k) = K
Pset(k + 1) − Ptotal,est(k + 1)

NTCLP̄rate, ON

, (5)
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1, θi(k + 1) > θset,i + δi/2

mi(k), otherwise

θset + δ/2
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ugoal(k) =
∑

j uj(k) = K(Pdesired(k+1)−Ppredicted(k+1))

S(k + 1) = S(k) + (P (k)− Pbaseline(k))∆T

Pmin(k) ! P (k) ! Pmax(k)

Smin(k) ! S(k) ! Smax(k)
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one. For Scenario 4, we identified the -matrix using an EKF,

which will be described in Section IV-C. In all scenarios, we

compute by dividing the aggregate power use of the popu-

lation by the number of TCLs in the ON state at each time step,

and then finding the mean.

B. State Estimation

For Scenarios 1–3, we designed a standard Kalman filter [35]
using the MATLAB function kalman on the identified system:

(12)

(13)

where , is an process noise vector,

and is a measurement noise vector the same size as :

in Scenario 1 and a scalar in Scenarios 2 and 3.

The process noise covariance matrix, , was

computed with the residuals between the state values associ-

ated with the plant and those predicted by the model. Therefore,

“process noise” includes both noise associated with individual

TCLs and plant-model mismatch. The noise was modeled as

white since the Kalman filter assumes white noise. In reality,
plant-model mismatch results in colored process noise, making

the Kalman filter sub-optimal. Since we would never expect to
know perfectly, for each case, we constructed two system

parameterizations (different draws of TCL parameters, noise,

etc. from the same distributions), and use one to compute

and the other, along with , to assess tracking performance.

For Scenario 1 and Scenario 2 (100% metering), the aggre-

gate power measurement noise variance, , was set to zero.

However, in some cases, the function kalman was unable to
build a convergent Kalman filter with , so the value

was increased to up to 10 . For Scenario 2 (30% metering),

was computed with the residuals between the system

output associated with the plant and the measured system

output. The measurement noise was also modeled as white,

though in reality it too is colored, making the Kalman filter
sub-optimal. Again, we use one system parameterization to

compute and another to assess tracking performance. For

Scenario 3, was computed from the assumed distribution

substation power forecast error standard deviation: 5% and

10% of the distribution substation load. is held constant in

each simulation run. In reality, the distribution power forecast

error variance could change over time. Therefore, we model the

hypothetical changes in variance by having it follow a sinusoid

with a period equal to the length of the simulation run, between

0.5 and 1.5 of .

In practice, we may not have adequate information to com-

pute and as described. In that case, we could compute

and through simulation, iterative tuning, or by mea-

suring full state information and aggregate power consumption

perfectly from a small population of TCLs (e.g., in a pilot pro-

gram) and then extrapolating the results to the larger population.

C. Joint Parameter and State Estimation Method

Scenario 4 requires joint parameter and state estimation.

Treating the entries of the -matrix as unknown states that

do not vary over time, we can derive nonlinear state/output

equations and use an EKF for state (and therefore parameter)

estimation. We attempted to estimate both the -matrix and

online; however, the estimator was unable to converge to the

true value of . Therefore, this approach requires measuring,

deriving, or estimating .

Consider the system:

(14)

(15)

where , , , and are unknown parame-

ters. Since the number of TCLs is fixed, we know that

, , and . Treating

and as states, we can derive the following nonlinear

state/output equations:

(16)

(17)

(18)

(19)

Provided the system is locally observable, we can use an

EKF to estimate the three parameters/states and compute the

remaining parameter/states from the results. To check for local

observability, we employ the method detailed in [36], which re-

quires forming the discrete time, nonlinear, local observability

matrix, . must be full rank for the system to be locally ob-

servable. For our system, is a 3 3 matrix defined as follows:

(20)

where is the gradient of the output equation with respect to

each of the states/parameters at time step . For forced systems,

to compute , where , in terms of , ,

and , we assume a series of inputs . We find
that the system is locally observable everywhere,

except when

(21)

We used an EKF to identify parameters and states in the

system. We were unable to get the system to con-

verge for more complicated systems. More research is needed

to determine if other nonlinear state estimation methods might

be appropriate. Also, it may be possible to derive high order sys-

tems using parameters identified for the system along

with knowledge and/or assumptions about the TCL parameters.

To implement the EKF, we have adapted the algorithm im-

plemented in [37], which computes the Jacobian of and

through complex step differentiation and then implements the

discrete time Kalman Filter equations on the linearized system.

We chose iteratively and think of it as tuning parameter.

is computed as in Scenario 3.

[Mathieu,	
  Koch,	
  and	
  Callaway	
  IEEE	
  Transac*ons	
  on	
  Power	
  Systems	
  2013]	
  

Similar	
  models	
  in	
  the	
  
literature:	
  
•  Lu	
  &	
  Chassin	
  

2004/2005	
  
•  Bashash	
  &	
  Fathy	
  

2011/2013	
  
•  Kundu	
  &	
  Hiskens	
  2011	
  
•  Zhang	
  et	
  al.	
  2013	
  



EsJmator	
  designs	
  
•  Based	
  on	
  Kalman	
  Filtering	
  
•  OpJons	
  

–  Sampling	
  window	
  esJmator	
  	
  
•  Wait,	
  collect,	
  esJmate	
  

–  Parallel	
  filter	
  esJmator	
  
•  One	
  Kalman	
  Filter	
  per	
  load	
  
•  Each	
  Jme	
  a	
  measurement	
  arrives,	
  filter	
  it	
  
•  Synthesize	
  aggregate	
  esJmate	
  from	
  individual	
  esJmates	
  

–  IdenJfied	
  parameter	
  esJmator	
  
•  Use	
  state	
  measurement	
  histories	
  to	
  esJmate	
  *individual*	
  
load	
  parameters	
  

•  Use	
  individual	
  load	
  models	
  to	
  predict	
  current	
  state	
   	
   	
  
	
  à	
  pseudo-­‐measurements	
  

•  Use	
  pseudo-­‐measurements	
  in	
  Kalman	
  Filter	
  
J.	
  Mathieu,	
  UMich	
  



EsJmator	
  Results	
  

J.	
  Mathieu,	
  UMich	
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RMS	
  
tracking	
  
error	
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  kW	
  

à	
  EsJmators	
  relies	
  on	
  infrequent	
  state	
  esJmates	
  much	
  more	
  
than	
  noisy,	
  frequent	
  aggregate	
  power	
  measurements	
  	
  



Controller	
  designs	
  

•  Based	
  on	
  Model	
  PredicJve	
  Control	
  
•  OpJons	
  

– Use	
  the	
  mean	
  delay	
  –	
  “Mean	
  Delay	
  Controller”	
  
– Use	
  knowledge	
  of	
  delay	
  distribuJons	
  and	
  past	
  
control	
  inputs	
  –	
  “Full	
  DistribuJon	
  Controller”	
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First	
  control	
  sequence:	
  

Second	
  control	
  sequence:	
  

Third	
  control	
  sequence:	
  	
   	
   	
  	
  

u1,	
  u2,	
  u3,…	
  ,	
  un	
  	
  
	
  

u2,	
  u3,	
  …	
  ,	
  un+1	
  	
  
	
  

u3,	
  u4,	
  …	
  ,	
  un+1	
  	
  
	
  



Controller	
  Results	
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Key	
  takeaways	
  

•  CommunicaJon	
  network	
  limitaJons	
  
necessitate	
  controller/esJmator	
  designs	
  that	
  
cope	
  with	
  delays,	
  bandwidth	
  limitaJons,	
  etc.	
  

•  Delays	
  make	
  loads	
  less	
  capable	
  of	
  providing	
  
fast	
  services,	
  but	
  some	
  control/esJmaJon	
  
approaches	
  we’ve	
  developed	
  miJgate	
  these	
  
impacts.	
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Research	
  QuesJons	
  

•  How	
  can	
  we	
  leverage	
  exisJng	
  imperfect	
  
communicaJon	
  networks	
  for	
  load	
  
coordinaJon?	
  

•  How	
  can	
  we	
  schedule	
  loads	
  to	
  provide	
  
reserves	
  when	
  the	
  reserve	
  capacity	
  available	
  
from	
  load	
  aggregaJons	
  is	
  inherently	
  
uncertain?	
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Power	
  system	
  operaJon	
  –	
  in	
  two	
  slides	
  

•  Day-­‐head	
  electricity	
  markets	
  schedule:	
  
– hourly	
  power	
  output	
  of	
  generators	
  
–  reserve	
  capacity,	
  i.e.,	
  how	
  much	
  capacity	
  is	
  kept	
  in	
  
“reserve”	
  to	
  balance	
  real-­‐Jme	
  supply-­‐demand	
  
mismatches	
  	
  

•  Real-­‐Jme	
  energy	
  markets	
  reschedule	
  the	
  
power	
  output	
  of	
  a	
  small	
  frac*on	
  of	
  the	
  
generators	
  every	
  5	
  or	
  15-­‐minutes	
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*Disclaimer	
  –	
  this	
  is	
  VERY	
  simplified;	
  it	
  only	
  applies	
  to	
  the	
  U.S.	
  markets;	
  each	
  
electricity	
  market	
  in	
  the	
  U.S.	
  works	
  differently.	
  	
  



minimize	
   	
   	
  genera*on	
  costs	
  +	
  reserve	
  costs	
  
	
  

	
  subject	
  to 	
  power	
  flow	
  equa*ons	
  
	
   	
   	
   	
   	
  genera*on	
  constraints	
  
	
   	
   	
   	
   	
  line	
  constraints	
  
	
   	
   	
   	
   	
  …	
  

	
  
Decision	
  variables:	
  generator	
  power	
  set	
  points,	
  	
  

	
  generator	
  reserve	
  capacity	
  
	
   J.	
  Mathieu,	
  UMich	
  

The	
  day-­‐ahead	
  scheduling	
  problem	
  	
  
	
  i.e.,	
  OpJmal	
  Power	
  Flow	
  (OPF)	
  problem	
  



“But	
  load	
  control	
  will	
  never	
  be	
  reliable	
  
enough	
  to	
  provide	
  trustworthy	
  reserves!”	
  

•  Why?	
  
– Too	
  much	
  uncertainty:	
  People!	
  Weather!	
  etc.	
  

•  Two	
  opJons:	
  
– Be	
  conservaJve	
  in	
  how	
  much	
  reserve	
  you	
  
schedule	
  

– Explicitly	
  consider	
  reserve	
  uncertainty	
  in	
  the	
  
planning	
  algorithm	
  

J.	
  Mathieu,	
  UMich	
  



Time-­‐varying	
  	
  
“thermal	
  baXery”	
  model	
  	
  

Mean	
  power	
  over	
  an	
  interval	
  

State	
  of	
  charge	
  

IEEE TRANSACTIONS ON POWER SYSTEMS 1

State Estimation and Control of Electric Loads to
Manage Real-Time Energy Imbalance
Johanna L. Mathieu, Student Member, IEEE, Stephan Koch, Student Member, IEEE,

Duncan S. Callaway, Member, IEEE

θi(k + 1) = aiθi(k) + (1− ai)(θa,i −mi(k)θg,i) + ϵi(k)

mi(k + 1) =

⎧

⎪

⎨

⎪

⎩

0, θi(k + 1) < θset,i − δi/2

1, θi(k + 1) > θset,i + δi/2

mi(k), otherwise

θset + δ/2

θset − δ/2

ugoal(k) =
∑

j uj(k) = K(Pdesired(k+1)−Ppredicted(k+1))

S(k + 1) = S(k) + (P (k)− Pbaseline(k))∆T

Pmin(k) ! P (k) ! Pmax(k)

Smin(k) ! S(k) ! Smax(k)

J.L. Mathieu is with the Department of Mechanical Engineering at the
University of California at Berkeley, 4th Floor Collaboratory, Sutardja Dai
Hall, Berkeley, CA 94720-1740 USA (email: jmathieu@berkeley.edu).
S. Koch is with the Power Systems Laboratory at ETH Zürich, ETL G 29,
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Time-­‐varying	
  power	
  &	
  energy	
  capaciJes	
  
1000	
  electric	
  space	
  heaters	
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= 0 

= 0 

In	
  planning	
  problems,	
  
we	
  have	
  temperature	
  
forecast	
  uncertainty	
  

We	
  also	
  have	
  
uncertainty	
  in	
  this	
  
dimension!	
  
• 	
  human	
  behavior	
  
• 	
  effect	
  of	
  past	
  DR	
  
acJons	
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minimize	
   	
   	
  genera*on	
  costs	
  +	
  reserve	
  costs	
  
	
  

	
  subject	
  to 	
  power	
  flow	
  equa*ons	
  
	
   	
   	
   	
   	
  genera*on	
  constraints	
  
	
   	
   	
   	
   	
  line	
  constraints	
  
	
   	
   	
   	
   	
  …	
  

	
  
Decision	
  variables:	
  generator	
  power	
  set	
  points,	
  	
  generator	
  
reserve	
  capacity	
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The	
  (original)	
  day-­‐ahead	
  scheduling	
  problem	
  



minimize	
   	
   	
  genera*on	
  costs	
  +	
  generator	
  reserve	
  costs	
  	
  
	
   	
   	
   	
   	
   	
   	
  +	
  load	
  reserve	
  costs	
  

	
  
	
  subject	
  to 	
  power	
  flow	
  equa*ons	
  
	
   	
   	
   	
   	
  genera*on	
  constraints	
  
	
   	
   	
   	
   	
  line	
  constraints	
  
	
   	
   	
   	
   	
  controllable	
  load	
  constraints	
  	
  
	
   	
   	
   	
   	
  …	
  

Decision	
  variables:	
  generator	
  and	
  load	
  power	
  set	
  points,	
  
generator	
  and	
  load	
  reserve	
  capacity,	
  distribuJon	
  vectors	
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The	
  (new)	
  day-­‐ahead	
  scheduling	
  problem	
  

wind	
  
uncertainty	
  

load	
  control	
  
uncertainty	
  



Building	
  on	
  recent	
  work	
  

•  StochasJc	
  opJmal	
  power	
  flow	
  	
  
–  Bouffard	
  and	
  Galiana	
  2008	
  
–  Papavasiliou	
  et	
  al.	
  2011	
  
–  Vrakopoulou	
  et	
  al.	
  2013	
  

•  Power	
  flow	
  with	
  loads	
  and	
  storage	
  
–  Gayme	
  and	
  Topcu,	
  2011	
  
– Mount	
  et	
  al.	
  2011	
  
–  Papavasiliou	
  and	
  Oren	
  2012	
  
–  Gonzalez	
  Vaya	
  and	
  Andersson	
  2013	
  
–  Anderson	
  and	
  Cardell	
  2013	
  

J.	
  Mathieu,	
  UMich	
  



Uncertainty	
  Modeling	
  

•  Wind	
  power	
  producJon	
  uncertainty	
  
•  Outdoor	
  air	
  temperature	
  uncertainty	
  	
  

	
  à	
  load	
  uncertainty	
  à	
  load	
  control	
  capacity	
  uncertainty	
  	
  
	
   	
  à	
  reserve	
  capacity	
  uncertainty	
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Reserve	
  Modeling	
  

•  Secondary	
  frequency	
  control	
  (AGC)	
  provided	
  by	
  
loads	
  and	
  generators	
  
– Assumes	
  loads	
  are	
  cheaper!	
  

•  Re-­‐dispatch	
  (15-­‐minute	
  market,	
  TerJary	
  control)	
  
provided	
  by	
  generators	
  
–  Covers	
  power	
  mismatch	
  between	
  expected	
  and	
  actual	
  
generaJon	
  (as	
  it	
  does	
  today)	
  

–  Provides	
  energy	
  to	
  return	
  loads	
  to	
  their	
  scheduled	
  
energy	
  state	
  

J.	
  Mathieu,	
  UMich	
  



SoluJon	
  Approach	
  

•  Linearized	
  power	
  flow	
  (DC-­‐OPF)	
  
•  Chance-­‐constraints:	
  P(Ax ≥ b) ≥ 1-ε 
•  Solved	
  with	
  probabilisJcally	
  robust	
  design	
  

[Margellos,	
  Goulart,	
  and	
  Lygeros	
  2014],	
  inspired	
  by	
  a	
  
scenario-­‐based	
  approach	
  [Calafiore	
  and	
  Campi	
  2006]	
  

–  assumes	
  no	
  a	
  priori	
  knowledge	
  of	
  uncertainty	
  
distribuJons	
  

–  provides	
  probabilisJc	
  guarantees	
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How	
  much	
  
does	
  

outdoor	
  
temperature	
  
uncertainty	
  

really	
  
maXer?	
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[Vrakopoulou,	
  Mathieu,	
  and	
  Andersson	
  HICSS	
  2014]	
  



OperaJonal	
  costs	
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cost	
  

no	
  load	
  uncertainty,	
  no	
  load	
  control	
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OperaJonal	
  costs	
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cost	
  

no	
  load	
  uncertainty,	
  no	
  load	
  control	
   load	
  
control	
  

uncertain	
  
load	
  

	
  uncertain	
  load,	
  no	
  load	
  control	
  
uncertain	
  load,	
  load	
  control	
  



How	
  well	
  do	
  the	
  probabilisJc	
  
guarantees	
  work?	
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Key	
  Takeaway	
  

Reserves	
  from	
  loads	
  may	
  not	
  be	
  of	
  the	
  
same	
  “quality”	
  as	
  those	
  provided	
  by	
  
generators,	
  BUT	
  we	
  can	
  plan	
  for	
  load	
  
uncertainty	
  by	
  explicitly	
  considering	
  it	
  in	
  
our	
  problem	
  formulaJon	
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New	
  direcJons…	
  
•  How	
  do	
  uncertainty	
  and	
  reserve	
  costs	
  interact?	
  

•  How	
  can	
  we	
  handle	
  the	
  full	
  complexity	
  of	
  load	
  
control	
  uncertainty?	
  
– MulJ-­‐dimensional	
  	
  
–  Exogenous	
  and	
  endogenous	
  	
  
– Non-­‐staJonary	
  
–  Insufficient	
  data!	
  

	
  
	
  

J.	
  Mathieu,	
  UMich	
  

Scenario-­‐based	
  
approaches	
  

DistribuJonally	
  
robust	
  

opJmizaJon	
  

AnalyJcal	
  
reformulaJon	
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•  DistribuJonally	
  robust	
  opJmizaJon	
  
– Use	
  available	
  data	
  to	
  build	
  a	
  confidence	
  set	
  to	
  
bound	
  the	
  pdf	
  of	
  the	
  uncertainty	
  distribuJon	
  

– Moment	
  matching:	
  [Zhang,	
  Shen,	
  &	
  Mathieu,	
  ACC	
  2015	
  (to	
  
appear)]	
  

	
  
•  AnalyJcal	
  reformulaJon	
  

– Assume	
  knowledge	
  of	
  uncertainty	
  distribuJons	
  
and	
  reformulate	
  chance-­‐constraints	
  to	
  solve	
  a	
  
determinisJc	
  problem	
  for	
  a	
  specific	
  choice	
  of	
  ε 

– Gaussian	
  approximaJon:	
  [Li	
  and	
  Mathieu;	
  in	
  preparaJon	
  for	
  
PowerTech	
  2015]	
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THANK	
  YOU!	
  	
   	
  QUESTIONS?	
  

	
  
Contact:	
  Johanna	
  Mathieu	
  	
  

jlmath@umich.edu	
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