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Motivation:

December 12, 2016

R R R

+*4,* Breakthrough
Energy

Tesla quietly brings online its massive — biggest
in the world — 80 MWh Powerpack station with
Southern California Edison

Rehoble 10
Affordable Energy l

—t T ul =

for the World IIE FE

tnvesting in a Carbonless Future

December 2016 - Bill Gates Launches $1 Billion Slide 4
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Motivation:

B 0000000
@ Characteristics of renewable sources (wind, solar):

» Intermittency
» High volatility

Wind Power from the Chosen Farm - July 2013

- Forecast

Actual
Output
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Motivation: Wind Farm Paired with Storage Device

Wind speed

Demand

Electricityprices

|
) |
‘l ; i
—— e e

C(Sp xp) = =P (xR + xfL — nxf)
E;
Wind Energy
GridG,
with LMP P,
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Motivation: Wind Farm Paired with Storage Device
B 0000000

® Goal: Operate the system at minimum cost while
satisfying the load at all times ¢t

@ First Step: Modeling the stochastic processes

C(Se,x¢) = —Pe(xg® + x¢" — nx i)
Ey
Wind Energy

Grid G, N
with LMP P,
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Error Distribution

Wind Power Prediction Error Density

Empirical error distribution: FZ
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Wind Power from the Chosen Farm - July 2013
- Forecast Error
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Possible Error Model: 11D Errors

@ L, distributed according to empirical error

distribution FE

diction Error Density
@ Intertemporal independence JL
Error from Forecast (MW)
Sample Path versus Forceast

o il i — Forecast

3 )i H U‘ wl l“' ‘n ‘ ~— IID Errors
% S { \I'Il' l* I"t H} l'J h | I‘H ”
g @ l\ﬂl“‘l‘ i | ‘l l"l‘ '1| I'I W | ||| ‘ H
= 1 M"‘. ‘ | ‘4 | ‘|,-a j | \
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Time Index, in 10 min Increments Sllde 9



Policy based on IID Error Model

Sample Path versus Forceast

. |}i"”w i ", | — u%==| | Time period A:
U ! ! ,ﬂ i | I ||| ||Near full discharge
: ! """\"Lh \.f " i 1l ”\ i | of battery to
= Wl 'uu" il Th maximize profit
e e o | during this period

Grid G,
with LMP P,

C(Sp, xt) = —Pe(xf® + xft — nx o)
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Policy based on IID Error Model

Sample Path versus Forceast

500

Power (MW)
300

0 100

Il
fh'}

| “.

|n‘

‘ | !
IIW‘

L
| Wl ’

i

— wee| | TIMe period

B:

i1 | Plan for period of

”\ i ! |[low wind by

il recharging battery

T T
400 600

E¢
Wind Energy
Grid G,
with LMP P;

T T
500 1000

Time Index, in 10 min Increments

T
1200

C(Se,x¢) = _Pt(xtGR + xEL - nxfc)
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Power (MW)

Policy based on IID Error Model

et s s ~|Time Period C:

] MM ll“ |- Assuming this model,

s | wll' l | 7»1 ||u‘ "h " u\' [ all scenarios, there is
e ‘ :‘H“' L lll \” i ‘ enough in storage from

0 100

| .. .
Lk B w\,, recharging in period B
400 600 | ' | | 1000 1200 1200] TO account for the
| period of low wind

XFL forecast. The policy
appears robust enough.

C(Sp, xt) = —Pe(xf® + xft — nx o)
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(M)

What can happen in practice:

Wind Farm Observed vs Actual Ouptut

: I — === | Time period A:
) According to policy,

100 200 300 400 E00 80O

\1[ o /‘ 1 \ 'M the battery is nearly
JJ u/ \J / | fully discharged to
- > . - maximize profit

during this period

E¢
Wind Energy
oric s C(S,xr) = —Po(xfR + xFL — nx k&Y
with LMP P, tr Xt t (Xt t nxt
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Power (M)

What can happen in practice:
L

Wind Farm Observed vs Actual Ouptut
———

Time period B:

Less wind than
expected for an

. . extended period of

; . —, - ~— = |time, unable to fully
e recharge

100 200 300 400 E00 80O

C(Sp, %) = _Pt(xtGR + ng - nxfc)
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(M)

What can happen in practice:

Wind Farg™oreey

fved vs Actual Ouptut

Time Period C:

100 200 300 400 E00 80O

0

Battery drains

completely, not much
wind. Must buy from
grid, no matter how

E¢
Wind Energy

high the LMP, to
satisfy the load.

C(Se,x¢) = _Pt(xtGR + ng - nxfc)
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(M)

A More Robust Policy:

Wind Farm Observed vs Actual Ouptut

: I — === | Time period A:
b Maximize profits by

Mﬂ selling during high

LMP periods, but

- | do not completely

drain the battery

100 200 300 400 E00 80O

0

E¢
Wind Energy
=
oric s C(S,xr) = —Po(xfR + xFL — nx k&Y
with LMP P, tr Xt t (Xt t nxt
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Power (M)

A More Robust Policy:
L

Wind Farm Observed vs Actual Ouptut
PN

Time period B:

If there Is less wind
than expected now,
. | we will still have

; o - ~— = |backup energy in

- storage from time
period A

100 200 300 400 E00 80O

0
|

C(Sp, %) = _Pt(xtGR + ng - nxfc)
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Power (M)

A More Robust Policy:

(ved vs Actual Ouptut

Time Period C:
Still enough energy In
storage to handle
period with little to

| _/{no wind. The grid is
’ " [an option, not a must.

100 200 300 400 E00 80O

0
|




What went wrong?

B 0000000
@ The distribution of crossing times — contiguous
blocks of time for which wind is above or below
Its forecast — were poorly replicated by the 11D
model. e

® Up-crossings: -

Wind Power from the Chosen Farm

Consecutive 10 minute Time Periods Above Forecast

<— Time actual is 1

above forecast
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What went wrong?

B 0000000
@ The distribution of crossing times — contiguous
blocks of time for which wind is above or below
Its forecast — were poorly replicated by the 11D
model. B

® Down-crossings:

Wind Power from the Chosen Farm

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

<— Time actual is 1

below forecast
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What went wrong?

B 0000000
@ The distribution of crossing times — contiguous
blocks of time for which wind is above or below
Its forecast — were poorly replicated by the 11D
model.

Above CDF - IID Errors F028 Below CDF - IID Errors F028

10

08

Observed Observed

06

04

02
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0.4 0.6 0.8 1.0

0.2

What went wrong?

B
® Other common error models that do not replicate crossing

time distributions well:
» ARIMA
» ARIMA-GARCH

Down-Crossing Time Distibution

Up-Crossing Time Distibution

-
— QObserved o — Observed
- = ARIMA == ARIMA
- = AR-GARCH o -=  AR-GARCH
T T T T T T T o T T T T T T
0 20 40 60 80 100 120 10 20 30 40 50 60

Consecutive 10 minute Intervals Below Forecast

Consecutive 10 minute Intervals Above Forecast
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® Hidden Semi-Markov Crossing State Model
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Solution: Crossing State Models

@ Incorporates a hidden state variable, the crossing
state, to control the crossing times of the process,
forming a hidden semi-Markov model (HSMM).

@ This state variable determines whether the process Is
above or below its forecast and for how long.
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Univariate Crossing State Model

@ Hidden Markov Model vs Hidden Semi-Markov Model:
» HMM:

S§ === St == ¢ ==+ S5 F-—- S5

4
P(Sena|Se)  P(SeualSe)  P(ScnlSe) P(SenlSt)

Time Invariant
Transition Matrix
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Univariate Crossing State Model

@ Hidden Markov Model vs Hidden Semi-Markov Model:

» HSMM:
(8

Eo
1

(¢ s¢ s --—f s¢ 55 |
Sojourn time 7 PC(SE4|SE) | Sojourn time ¢

of D
"1 =
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Univariate Crossing State Model

@ Hidden Markov Model vs Hidden Semi-Markov Model:

» HSMM:
(8

P

Eq
1

(¢ s¢ s --—f s¢ 55 |
Sojourn time 7 PC(SE4|SE) | Sojourn time ¢

State duration-dependent transition matrix
(1-F'(zp) ifs' =s
FF(z)PC(s'|s)if s" # s

of D
"1 =

P(SEq =5'|SE=5,10) = {
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Univariate Crossing State Model

@ Hidden Markov Model vs Hidden Semi-Markov Model:

» HSMM:
(8

P

Eq
1

(¢ s¢ s --—f s¢ 55 |
Sojourn time 7 PC(SE4|SE) | Sojourn time ¢

State duration-dependent transition matrix
(1-F'(zp) ifs' =s
FF(z, )PC(s'|s)|if s" # s

of D
"1 =

P(SEq =5'|SE=5,10) = {
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Univariate Crossing State Model

® S; = (U/D, S/IM/L): the crossing state
» Observable: U/D: Up- or Down- Crossing
» Hidden: S/M/L: Short, Medium, or Long Crossing Time

Upcrossing CDF Downcrossing CDF

o o
@
= @ _J
— o
= w
= v
v =

& 2
= o | =
z S g o |
g 5 S
5 g
=X ]
T = Q
S [
L g,
[
o~
=
T T

o~ ]
T T T E] T T T T T T
0 20 40 60 80 0 20 40 60 80 100
(U S) (U M ) Consecutive 10 minute Time Periods Above Forecast (U L D S D M Consecutive 10 minute Time Periods Below Forecast D L
) ] ’ ’ ' 1

® For each crossing state s, there exists a distribution of crossing
times F. These also serve as the sojourn time distributions for
the crossing states.
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Univariate Crossing State Model
B 0000000

@ Error generation is conditioned on the crossing state as well

e EY = Aggregated Forecast Error

» Aggregated into b bins for each crossing state
» Partitions are based on error quantiles given the crossing state

Error Distributions vs Run Length; Q=3 P (Et+1 |Et ) St )
—— Long Runs - —_— S5=(D,3,1)
=] — — Medium Runs S ] = = $=(D.,3,2)
g Short Runs - --=- 85=(D,3,3)
= S=(D,3,4)
5=(D,3,5)
(= 3 4
z S = 2
2 o &
@ o 8 .
[s] a < -
2 " o ~
< 7\
o i\ N
s N e _.\
/\\\ 4‘_—_/\/\‘-‘ B \
Q -
3 — - ] —————_—_—_—_——————— == i e
(=] T T T T T T T T T
-400 -200 0 200 400 600 300 -200 -100
Error from Forecast (MW) Error from Forecast (MW)

® P(E,.{|EZ,SE) density of next error given current error bin
and crossing state
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Resulting Distributions:

0.8 1.0
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Error Density

© I‘| = Observed
S I — - ARIMA
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Power (MW)
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Sample Path versus Forceast

r — Forecast
§ 1 ‘ — HWM
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® Formulating the Energy Storage Problem as a
Markov Decision Process

&
&
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Goals:

® Create a very realistic energy storage problem by
using crossing state models for the stochastics
iInvolved

® Develop near optimal control policies using
backward approximate dynamic programming
(ADP)
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Back to the Energy Storage Problem

Wind speed

Demand

Electricityprices

|
) |
‘l ; i
—— e e

£ C(Sp xp) = =P (xR + xfL — nxf)
t
Wind Energy
GridG,
with LMP P,
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Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision =~ —
e [ransition Probability = = >
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Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision =~ —
e [ransition Probability = = >

Pre-decision state S;
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Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision =~ —
e [ransition Probability = = >

Pre-decision state S;
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Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision =~ —
e [ransition Probability = = >

Pre-decision state S;

¢ :2/’/" :::/;'“
® . * _:,7// A :,7/7.
o
o
o
o
o
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Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision =~ —
e [ransition Probability = = >

Post-decision state:
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Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision =~ —
e [ransition Probability = = >

Post-decision state S}*

‘ ,’ f‘
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Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision =~ —
e [ransition Probability = = >

Post-decision state S}*

‘ ,’ f‘

Slide 41



Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision ~ —
Transition Probability= = *

Next pre-decision state:
St+1 = SM'W(Stx» Wiiq1)
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Formulating the Energy Storage Problem as a

Markov Decision Process Feasible Decision ~ —
Transition Probability= = *

Next pre-decision state:
St+1 = SM'W(Stx» Wiiq1)
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Modeling the Exogenous Processes

B 0000000
® Models determine our distribution of W, 4

® Load L;, Wind Energy E;, Electricity Price P;
» Ly = fE + L,
» E, = fE + E,
» P, = ff + P,
@ Of these, load exhibits far less deviation from forecast

@ To reduce dimensionality of the problem, model load as a
deterministic function

» Ly = fi+ Vt€{0,1,..., T}
® E,, P, modeled with crossing state HSMM
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Deterministic Load Profiles

Load Sample Paths

— Hot Day
Q
© _| — Average Day
38 | — Cool Day
s -
i~
N—r’ o
T Q |
©c O
o ™
—
Q
Q
Q
G —

T m T ) T T
0 50 100 150 200 250 300
Time Index, in 5 minute increments
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Electricity Prices

Temperature vs LMP, 2nd 2 weeks of July 2015

S -8 3
3 2
w o
—_— [~ oo b}
s =
= o ©
© o e
2 & - 2
ol e 2
= o - - 3
- (=N
. 5
—— LMP Observed [ €
S | —— Temperature S
‘ql- T T T T T
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Temperature vs LMP, 2nd 2 weeks of July 2015
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=
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—— Temperature

60

-400
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Formulating the Standard Energy Storage Problem
as a Markov Decision Process

@ State Variable:

» Sy = (P, Et, Ry, KE,K), the pre-decision state
e P, E; necessary to determine constraints and costs at time t

» S¥ = (R¥, KE, K[F), the post-decision state
o KE,KF knowledge states about state of HSMM’s
 Belief about the distribution of E;, 1, P; 11

E¢
Wind Energy
Grid G, 4
with LMP P;

Slide 47 C(Se,xe) = _Pt(ng + xtGL — UxtRG)



Formulating the Standard Energy Storage Problem

as a Markov Decision Process

@ State Variable:

» Sy = (P, Et, Ry, KE,K), the pre-decision state
e P, E; necessary to determine constraints and costs at time t
» S¥ = (R¥, KE, K[F), the post-decision state

o KE,KF knowledge states about state of HSMM’s
 Belief about the distribution of E; 1, P;4 1

@ KE:

Slide 48
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Formulating the Standard Energy Storage Problem

as a Markov Decision Process
I

® Transition Functions:
» S¥ = SM*(S,, x,) given by:

e R¥ =R, + (xR + xER) — xRl — xFC¢
e E;, P, dropped from S; — S

E¢
Wind Energy
Grid G, 4
with LMP P;

Slide 49 C(Sp,x) = —Pe(xfR + xfL — nxf©)



Formulating the Standard Energy Storage Problem

as a Markov Decision Process
I

@ Transition Functions:
» Spp1 = SW(SE, Weiq):
* Rty1 = Rf ~
 Eryq = ftlfl‘-l + €t+1
* Pryq = ftP+1 + Pryq
e« KE., = UE (Kf,Et+1)<— Bayesian updating formulas

P _ yjP(igP p given current knowledge
* Keva=U (Kt ’Ptﬂ) state and observed errors

U /% R %
=) U (KE, Evyr) Kb —
Fall

||| ll

Slide 50 Eivq
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Formulating the Standard Energy Storage Problem

as a Markov Decision Process
I

® Objective Function:
» max E™[XT_, C(S;, X™(S;))|So| where

mell
» C(Se,x.) = —Pr(xFR 4+ xZL — nxf%) and
» Si—x — SM'x(St,XZLT(St))
» Sep1 = SMW(SEWrir)

E¢
Wind Energy
Grid G, 4
with LMP P;

Ry
Energy in Storage

C(St, x) = =P (xR + xf — nx %)
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Formulating the Standard Energy Storage Problem

as a Markov Decision Process Feasible Decision ~ ——>
Transition Probability =— — »
(KOE, Ké), EO’ PO, RO) (Kg:, Ké)'Rg) (KlEi Kfl Ell Pl) Rl) (KlEJ Klpp Ric) (KZEI K{)' EZ; PZ; RZ)

_ aO V2(S2,0)
7 '%. Vs (52 1)

s 1. V2(52,2)

‘(
\:C,’ V2(S2,3)
. 2*" V2(S2,4)

\ \ -‘ VZ(SZ 5)
* 3. V2(S2,6)
B “‘ V2(S2,7)

SO - SM,X(S(), X ) - SéC - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - Sic - SM'W(SiC, Wz) - Sz I d
Slide 52
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® Backward Approximate Dynamic Programming
@
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Standard Backward Dynamic Programming
B 0000000

® max E"|YT_ C(Sy, X™(S))|So]

eIl
@ Value functions, or contribution-to-go functions, V;*(S;), are
given by Bellman’s equation for finite horizon problems:

Vi (Se) = QE%(C(St; x¢) + E[Viq (Se+)1Se x¢])

® Once value functions are found, the optimal policy:
X¢ (S¢) = argmax (C(Sg, x¢) + E[Viq (Se40)1Se x¢])

xtEXt
maximizes the one-step contribution plus the expected value of

the downstream state.
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Standard Backward Dynamic Programming

® Alternatively, we can find the value of each post-decision state:
V2 (SE) = E[Viy1 (Se4)ISE ]
® And, stepping backwards, for each pre-decision state:

Vi (Sy) = max(C(Sg, x) + V" (S¥))
Xt€EXt
@ Once post-decision state value functions are found, the optimal
policy:  x(s,) = argmax (C(S,, x,) + V. (57))

XtEX¢
@ This removes the expectation from the policy.
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Backward (Exact) Dynamic Programming
Feasible Decision —_—
Transition Probability =— — »

(KOE, Ké), EO’ PO, RO) (Kg:, Ké)'Rg) (KlEi Kfl Ell Pl) Rl) (KlEJ Klpp Ric) (KZEI K{)' EZ; PZ; RZ)
- =Y V2(520)
7 '5. V2(52,1)

- 1. V2(52,2)

‘(

( *=0 Vs (S2,3)
/ =0 Vs (Sa,4)

X \
A\ "‘ V2(S25)
* 3. V2(S2,6)

B "0 Vy(Sa,7)

SO - SM,X(S(), X ) - SéC - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - Sic - SM'W(SiC, Wz) - Sz I d
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Backward (Exact) Dynamic Programming

0)? - */“ V2(52,0)
« —/7/_’5. V2(8521)

\\\ / ,'
:\3,'_/— @ V2(S22)
SAY
A 3 7, \N\ /\
\\)/(, \(".\ /Q V2(52,3)

\ SV ANRA
R \\\<,/2‘(" V2(S2,4)
--v

A \
— A
N . @ ,(S5)
‘) NN
& \

0_ - *\‘}' V2(52,6)
~ - - \
“‘ V2(S2,7)

So = SM*(So,x0) = Sg = SMW(SF, W1) = 1 = SM*(Sy,x1) = S — SMW(SE, W) - S, |
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Backward (Exact) Dynamic Programming

V¥ (S¥0)?

® .50
‘ V2(52,1)
‘ VZ(SZ,Z)

. VZ (52,3)
® .50

o V2(S25)
® .50
® -2

SO - SM,X(S(), X ) - SéC - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - SiC - SM'W(Six, Wz) - Sz
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Backward (Exact) Dynamic Programming

L.
V1x(51x,0) = Z Po,iV> (Sz,i)
i

® @ V¥ (So) _ fo},o’,‘ V2(S2,0)
=7 DPoa
o - o .E\ T T = "‘ V2(52,1)
RN
\\
W
‘ . ‘ - \:\pOA- ‘
® o N ‘@
NN
o o . \\ 9 (S2,4)
0,5
° - ° _ @ 1,(5,5)
o o o
N B
o o o

SO - SM,X(S(), X ) - SéC - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - Sic - SM'W(SiC, Wz) - Sz I d
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Backward (Exact) Dynamic Programming

Vi (So) - *“ V2(52,0)
\-__"7‘%. V2(8521)

X(S“)\‘ L V(5
/

\(, \ \Q V2(52,3)
/ (

A 40 Vs (Sa,4)

=~
/,7‘\ ‘\ "‘ V2(S2,5)

le(ng) Tt ~ig V,(S;7)

SO - SM'x(So, X ) - Sg)C - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - SiC - SM'W(S%', Wz) - Sz I d
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Backward (Exact) Dynamic Programming

Vi (So) - *“ V2(52,0)

\-__"7‘%. V2(8521)

L 1)\‘ 2 —,0 Va(S22)
K

\)(, ’ V2(S2,3)
v 40 V2(S2,4)

=~
/,7‘\ ‘\ "‘ V2(S2,5)

le(ng) Tt ~ig V,(S;7)

SO - SM'x(So, X ) - Sg)C - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - SiC - SM'W(S%', Wz) - Sz I d
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Backward (Exact) Dynamic Programming

[ o ® V,(S0)
° - ° - ® V,(5:0)
‘ ‘ ‘ VZ(SZ,Z)
H |
V(S
‘ ‘V1(51,3)? ‘ 2( 2,3)
‘ ‘ ‘ VZ(SZA)
o - o - ® V,(S5)
® - ([ - ® V,(S26)
o o ® V2(57)

SO - SM,X(S(), X ) - SéC - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - SiC - SM'W(Six, Wz) - Sz I d
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Backward (Exact) Dynamic Programming
L

VI(SI,B) = rgcl:?lx (C(Sl,g, xg,l‘) + le(Sfl))

@ Vi (So)
o C(S1,3,%3,0) .
Vi (S¥,)
® 1 \P1,1
N
O C(S13,%3,1)
o (513)
P H
o
N
o

‘ VZ (SZ,O)
‘ VZ (52,1)

® V2(52)

@ V2(523)
‘ VZ (52,4)

® V,(S,5)
® V,(S26)
@ V.(57)

SO - SM,X(S(), X ) - SéC - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - Sic - SM'W(SiC, Wz) - Sz
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Backward (Exact) Dynamic Programming

VO (SO,O)

VO (50,1)
VO (SO,Z)

VO (50,3)
Vo(So,4)

Vo(So,5)
Vo(So,6)

Vo(S0,7)

SO - SM'x(So, X ) - SéC - SM'W(S())C, Wl) - Sl - SM,X(S]J X1 ) - Sic - SM'W(SiC, Wz) - Sz

V5 (S50)
B

Vo (S5.1)
B

N
V5 (582)

|
V5 (S53)

Optimal Policy: X (S;) = arg max (C(St, X¢) + Vtx’*(SZC))

xtEXt
@ Vi(510) Vi (So)
@® V:(5:1) u
X X
® (s, V(i)
H
® V.(513)
@ V.(5:4)
o, W
Vi (51,2)
@ Vi(Si6)
N

@ Vi(5.,7) Vi (Slx,3)

‘ VZ (SZ,O)
‘ VZ (52,1)

® V2(52)

@ V2(523)
‘ VZ (52,4)

® V,(S,5)
@ V,(S26)
@ V.(57)
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Approximate Dynamic Programming

@ In cases where performing a full backward pass cannot be done, we
can instead rely on value function approximations (VFA’s) and a
VFA-based policy:

X{(S¢) = arg max (C(St»xt) + [E[Vt+1(5t+1)|5t: xt])

xtEXt

@ Alternatively, we can fit value functions approximations to post-
decision states instead, giving the policy:

X['(S;) = arg max (C(St, xX¢) + Vtx(sgf))

xtEXt
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Forward ADP in Energy Storage Applications
I

100 —
80 —
60 —
40 _

20

DC-R — local parametric regression
LPR — kernel smoothing

GPR - Gaussian process regression
SVR - Support vector regression
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Backward ADP I. Lookup Table form for Post-Decision States

VE(SEo)

VE(SEn)

VE(SE,)

VE(SEs)

Siq = SMW(SEL W) — S — SMH (S, x ) - SE
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Backward ADP I. Lookup Table form for Post-Decision States

1. Sample pre-decision states and
find their values by maximizing
over feasible decisions.

VE(SEo)

VE(SEn)

= #7;/1\_ \ I71:x (StJfZ)

VE(SEs)

St - SMW(SX W) > S, > SMX(S;,x ) > SF
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Backward ADP I. Lookup Table form for Post-Decision States
B

1. Sample pre-decision states and
find their values by maximizing
over feasible decisions.

-

—-CVt(Sto)
‘:---7_5.%(5“) B V(%)

A\N
W . / /
N7,
-7
A} / \s\ /
w, 7NN F s
/ AVRRN /
), N A

N 2»"Vt(5t4)
::/;’l__,‘ B Vi(s%)

__IAC

- \ - G (5%3)

St - SMW(SX W) > S, > SMX(S;,x ) > SF
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Backward ADP I. Lookup Table form for Post-Decision States
B

1. 1?_ar(;u?rlle _pre-(lalemsk;on stat_es _ar_1d ,,‘ 7.(Seo)
Ind their values by maximizing =" B s
over feasible decisions. s 7 "‘Vt(St 1) #(5%0)
2. Compute an approximate ./, ' P
Vtx—l(stx—l,s) = E[V:(S)IS] .e‘: :‘,Z;(\ J - RACH
based on sampled states and re- R\ (/’/ A
normalized transition Jo AR
A ~ ps’s I \?-/ za*vt(stll)
probabilities: pyr . = <55 =25 - RASH
" NN
;0 \ *
— 3 -
=7 \ W Vi)
B

Siq = SMW(SEL W) — S — SMH (S, x ) - SE

Slide 70



Backward ADP I. Lookup Table form for Post-Decision States

1. Sample pre-decision states and pg", 7.(Seo)
find their values by maximizing _--" | W (s
_____ _ VX(SE
over feasible decisions. N po @ V(1) #(520)
. Compute an approximate "\ P
= _ . B
ViZe(SEas) = E[Ve(So)IS?] ANV W 7(s)
based on sampled states and re- ‘““. @
lized transition '\ e o
norma. © - \ VV.(5:4)
probabilities: pyr o = pgo?m B Po,5\ ® - RAGH.
- ¢ m )
¢

Siq = SMW(SEL W) — S — SMH (S, x ) - SE
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Backward ADP I. Lookup Table form for Post-Decision States
B

norm

Po = Po,0 T Po,1 T Po4
1. Sample pre-decision states and pg", 7.(Seo)
find their values by maximizing _--" | W (s
_____ _ VX(SE
over feasible decisions. N po @ V(1) #(5%0)
2. Compute an approximate "\ P
= _ . B
ViZe(SEas) = E[Ve(So)IS?] ANV W 7(s)
based on sampled states and re- "\ @
' ransition ‘@i
normal.lz.e-d transitio - \ @ (5:4)
- Ps’' s = —orm : V(S
probabilities: p . o B Po 5\' - RAGH.
- N “RAGH
¢

Siq = SMW(SEL W) — S — SMH (S, x ) - SE
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Backward ADP I. Lookup Table form for Post-Decision States

norm

Po
1. Sample pre-decision states and  gx (gx 10) P00 7.(Seo)
find their values by maximizing =" )
over feasible decisions. . 75071‘" Ve(St,1)
2. Compute an approximate M
17X X —_ [/ X N ‘
VEi(Sitas) =EVe(SoISET R \pos
based on sampled states and re- N
normalized transition ‘@
e pS’S 'Vt(St‘l)
probabilities: pyr o = o7 B ®
3. Store values of post-decision
states in a look-up table - ¢
¢

= Po,o T+ Po1 T Poa

B V(sh)

__IAC

- RASH

B Vi(s5)

Siq = SMW(SEL W) — S — SMH (S, x ) - SE
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Backward ADP I. Lookup Table form for Post-Decision States
B

norm

Po = Po,0 T Po,1 T Pos
1. Sample pre-decision states and V1 (S5 10) @7.(5.0)
find their values by maximizing ~ gg - N " RACH
over feasible decisions. @7.(5:1) |
2. Compute an approximate ps
V1 (55 1,s) = E[Ve(SOISE] B / W 7(st)
based on sampled states and re- / y
. .y . /7 7/
normalnlz.e-d tra~n5|t|on - //// @7.(5..)
probabilities: pyr ¢ = pgo?m I ® - AN
/
3. Store values of post-decision ,/'/
states in a look-up table v __-@ W ()
< o t \°t,3

Vi (sE.,)? @

Siq = SMW(SEL W) — S — SMH (S, x ) - SE
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Backward ADP I. Lookup Table form for Post-Decision States
B

1. Sample pre-decision states and  gx (gx )
find their values by maximizing '

over feasible decisions.

2. Compute an approximate
Vi1 (SE1s) = E[Ve(S)ISE]
based on sampled states and re-
normalized transition

pS’,S

p

3. Store values of post-decision
states in a look-up table

probabilities: pyr o =

norm
S

norm

Po = Do,0 T Po,1 T Po,s
@7V.(s:0)
= @7 (s.) W ")
ABV:(S:2) _
- // . Vtx(ngl)
~ 2////‘ )
S 7 @Ve(Sea)
H /'i' ¢ W V(s
/4 —"
P _ _
S B V(%)
Vi (sE.,)? @

St - SMW(SX W) > S, > SMX(S;,x ) > SF
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Backward ADP II: Linear VFA’s V,(S:10;) = 6, + 2 rer O pPr (Se)

VE(SEo)

VE(SEn)

VE(SE,)

VE(SEs)

Siq = SMW(SEL W) — S — SMH (S, x ) - SE
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Backward ADP II: Linear VFA’s V,(S:10;) = 6, + 2 rer O pPr (Se)
B 0000000

1. Sample pre-decision states and find their
values by maximizing over feasible ~
decisions. - /

VE(SEo)

VE(SEn)

S VE(SE,)

B--" V¥ (S%s)

St - SMW(SX W) > S, > SMX(S;,x ) > SF
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Backward ADP II: Linear VFA’s V,(S:10;) = 6, + 2 rer O pPr (Se)
B 0000000

1. Sample pre-decision states and find their
values by maximizing over feasible
decisions.

B V(sh)

__IAC

- RASH

B Vi(s5)

St - SMW(SX W) > S, > SMX(S;,x ) > SF
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Backward ADP II: Linear VFA’s V,(S:10;) = 6, + 2 rer O pPr (Se)
B 0000000

0;
1. Sample pre-decision states and find their
values by maximizing over feasible _ ,“v(st,o)
decisions. == - o
I 4 % St 0
+ 7 '}‘V(St 1) ‘ ( ' )
2. Find best fit parameter vector 8/ by \‘\\ ,' /
least squares regression based on set of W 5" L _
sampled states and values .e STWY v . Vtx(5§f1)
A} // \~\7/
\ -~
: VA AN
3. Store 6; in memory ». A8
/7
y —S@V(S; 4
’. :\/V(;\/Z\\" (St.a) - 755)
/’/7‘\_\: -8 ,
/ N
/4 \
0 - > 17X X
SRS W)

Siq = SMW(SEL W) — S — SMH (S, x ) - SE
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Backward ADP II: Linear VFA’s V,(S:10;) = 6, + 2 rer O pPr (Se)
B 0000000

1. Sample pre-decision states and find their
values by maximizing over feasible
decisions.

2. Find best fit parameter vector 8/ by
least squares regression based on set of
sampled states and values

3. Store 6; in memory

4. Using 0/, find V,(S;|6;) for all time t
pre-decision states.

0;
_ 40 Ve(Se.0l67)

=7 — Vx(sx

. 7'=Cvt(5t1|9t) W v (sio)

A\N
1\

‘ _\y—/‘*vt(stﬂgt)

)(, (7\;0 Ve(Se316¢)

'//\:\,/ 2‘/:" Ve(St4167)

2 N W )
AN @ V,(Se5107) P

__IAC

‘y \

/4 \ \ _
0_ - *\3‘ Vt(St,6|9£k)
\
T =" V.(Se716¢)

St - SMW(SX W) > S, > SMX(S;,x ) > SF

~ o - Vtx (St)f3)

~
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Backward ADP II: Linear VFA’s V,(S:10;) = 6, + 2 rer O pPr (Se)
B 0000000

6;

1. Sample pre-decision states and find their D
values by maximizing over feasible  yx (sx ) @ T.(S.0167)

decisions. _
——_—_ _ VX(S¥
‘ po’l_,‘ Vt(St,lleg) - t ( t,O)

Y
2. Find best fit parameter vector 8; by Yo
least squares regression based on set of W @V.(5:.16)
\ t\“t21Yt —
sampled states and values B - B v:(sy)

\ _
N @ Ve(Se167)

\ _
\\\' Vt(St,4|9£k)

3. Store 6; in memory

4. Using 0/, find V,(S;|6;) for all time t Posy o _ Vx(sx
pre-decision states. - @ 7.(5:519;) W V(si)
5 Via(Sias) = Lo Post VelSe[62) for - g @ V.(S¢6167) W ()

each time t — 1 post-decision state p
@ 7.(s.;167)

Siq = SMW(SEL W) — S — SMH (S, x ) - SE
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® Numerical Results
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Numerical Results: Policy Performance

@ Average performance over 100 realistic wind and price sample paths for one
scenario, results consistent in others as well

® Results compared to performance of the full MDP solution

® Properly tuned Buy-Low, Sell-High Industry Heuristic:
18.62 % worse performance

6

Samplmg Percentage

® Lookup Table (left bar)
m Linear VFA (right bar)

o1

N

N

[HEN

Policy Performance (% worse than
full soltuion)
w

o

10
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Numerical Results: CPU Time and Memory
B 0000000

® Full solution: ~300 seconds per time step

® Memory to store value functions per time step:
» Lookup Table: 350 kB
» Linear VFA: 158 bytes

w
o1

® Lookup Table (left bar)

m Linear VFA (right bar) I

Sampllng Percentage Slide 84

CPU Time per Time Step (s)
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Numerical Results: Policy Behavior

3500 . T

3000 —FFMV ‘ ri\w!r

2000

1500 |

Battery Level (kwWh)
O
S
£ =
—_——

1000 |-
—  PFA
— L-0.10 Industry Heuristic
00 s.0.10 |
S-1.00 J
0

0 50 100 150 200 250 300
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Numerical Results: Policy Behavior

2000 | Average Rewlard at Time t |

m ﬁmﬁ&fﬂ%&%

—2000 -

—-4000

High price period; industry
heuristic leaves no energy stored
_e00oll 1N the battery, and must use either
wind energy or the grid.

Operating Cost

— PFA
~BOOON . 16016
— $0.10
S-1.00
—10000 ! .
0 50 100

300
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Thank You!

B 0000000
® Any guestions?
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Q Imagine 20 large storage devices spread around the PJM grid:

——

gt




Grid Level Energy Storage

@ Goal: Show we can reduce shortages by modeling offshore
wind power output with a crossing state model.

@ Stochastic Dual Decomposition Procedure (SDDP) used to fit
value functions (form of forward ADP)

@ Overcomes curse of dimensionality by exploiting concavity in
the resource state
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Exploiting convexity/concavity

@ Derivatives are used to estimate a piecewise linear
approximation

V,(R)|

v/
i

J

\ N\

//
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Traditional SDDP — Stagewise Independence (11D)
B 0000000

Forward Pass at lteration k

1: Sample w € €2.

3 if (k= 0) then

4.
Select Xf C arg min {C(S5:(w), x¢)}
xe €Xe (R I (w))
5. else
6.
Select Xf C arg min {C(St(w), X¢) + Vi(_l}
xe € Xe(R21 ke (w))
7. endif

8. Set RAK « Bkxk: S, 1(w) « (RK = bry1(w), ey1(w))
9: end for
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Traditional SDDP — Stagewise Independence (11D)
B 0000000

1: fort=17T.....1do
2:

_ K
Define i C(Se(wy), Vi (Rf
S @ XrEXr(gg{TJr(wr)} { ( r(wt). Xr) ’ I( r )}

3:  for all w; € €2; do

WIE-QI C'u‘reﬂr

X y X X,k
[4 hi{_1( —1) = O"lr{—l T <"55_1’ o e }

k X —k—1 X "
Vr—l(Rr—l) = max{Vr_l (Rr—1)= hig—l(Rt—l)}
- end for

. ~—k X
10 VE {xoe”%?so) C(So0,x0) + VO(RO)} Slide 93

23

O



Grid Level Energy Storage

® Classic SDDP assumes intertemporal independence (11D
Errors)

@ New algorithm — SDDP with Markov Uncertainty

» Reqgularized Decomposition of High-Dimensional
Multistage Stochastic Programs with Markov Uncertainty

» Used in combination with the HSMM
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https://arxiv.org/

State-of-the-world variables

L
@ Value functions fit to the information states of
the wind process (U/D, SIM/L, E error bin)
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Numerical Experiments
B 0000000

@ Training (finding value functions) was performed assuming both
Intertemporal independence (11D errors) and the hidden semi-
Markov crossing state model (HSMM)

@ Testing for both set of VFA’s (IID and HSMM) performed using
sample paths from the hidden semi-Markov model as this produces
more realistic wind behavior
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Numerical Experiments
B 0000000

Testing iterations - Wind max capacity 16 GW

.y — VvHMM
? — vlIID
O - — vNﬁ)ﬁYorage
=
l\ \/\/\
~
o
+
-
ol
O
D
()
=)
T
> S
+
-
QS
(o]
N~
o
+
-
ol
Lo
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Numerical Experiments
B 0000000

# of Shortages

Q _ Testing iterations - Shortages - Wind max capacity 16 GW
- — VHMM
— VIID
—— vVvNoStorage
8 N Iﬁ# g
= Shortages
8 —
-95%
8 —
1D
g —
-32%
o HMM
A A /\ A A M /\ AN\
o —
| | | | | | | |
0 10 20 30 40 50 60 70
Slide 98

Iterations



