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Changing Power System

Increasing uncertainty in operational
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Impact of Forecast Uncertainty
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How to define and enforce security?
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Impact of Forecast Uncertainty
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Chance-constrained Optimal Power Flow
Limit probability of constraint violation
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Impact of Forecast Uncertainty
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Chance-constrained AC Optimal Power Flow
Non-linear dependence on fluctuations!
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Chance-Constrained AC Optimal Power Flow

r%icn Yieg(caipéi + ciipei+coy) Minimizing generation cost

s.t.
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Chance-Constrained AC Optimal Power Flow

min Yieg(caipéi + ciipei+coy) Minimizing generation cost

G

S.t.

f(O(w),v(w),p(w),q(w) =0, VwelU Full AC power flow equations

for all uncertainty realizations
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Chance-Constrained AC Optimal Power Flow

r%in Zieg(cz,ipé,i + C1iPgi T Co,i ) Minimizing generation cost
G
S.t.

_ Full AC power flow equations
f(6(), v(a)),};(ac;)), @) =0, Voeu for all uncertainty realizations
P(psg(w) Spgg”)21-e ge€g
P(pGg (w) > pgn;n ) >1—c¢ geg Chance constraints on

power generation
P(gey (@) <q'd*)=1-€¢, geEG

P(gey ()2 ql')=1—€¢, gEG
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Chance-Constrained AC Optimal Power Flow

min Yieg(caipéi + ciipei+coy) Minimizing generation cost
G
S.t.
_ Full AC power flow equations
0 ) ) =0, VwelU _ S
f(0(),v(w) i(ac;)) q(w)) @ for all uncertainty realizations
P(peg(@)<pdg*)=1-e¢ gEG

IP’(pG,g (w) = pZ}é" ) >1—c¢ geg Chance constraints on
max power generation

P(qeq (@) <qgg" ) 21-€  gE€G

P(gey ()2 ql')=1—€¢, gEG

P(v;(w) <v"™ ) =>1-—k, i €B h |
P(v; () = v™ ) =1 —¢, i€ B Chance constraints on

; -max , voltage and current magnitudes
]P)(lL,j (w)SlL,j )21—6, jJeEL
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Chance-Constrained AC Optimal Power Flow

r%icn Yieg(caipéi + ciipei+coy) Minimizing generation cost
S.t.

I{;((H (w), U((;)) I;(aﬁ;))) q>((‘1))3 =0, ‘v’: cu ;:ourllaﬁcljrﬁ)c?g\rltea:iillt(;/\/\:eezglzjzjtii%?\s's
P(zcc;z((‘;)) >I;mm) >1— Z {]g EQg Chance constraints on

power generation
P(qeg (@) <qtg*)21—€, gE€G

P(gey ()2 ql')=1—€¢, gEG

P(v;(w) S v ) =2 1-¢ i€B |

]P’(vl- () = vmm) >1—¢ i€B Chance constraintson
voltage and current magnitudes

P(i,; () < i) =1—¢ jeL

Automatic generation control (AGC) for active power balancing: A4p; = a ) w

Local voltage control at PV buses for reactive power balancing: v(w) = v, g(w) is varying
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Chance Constraint Reformulation

P(i(x,w) <i™*)>1-—¢€

acceptable violation
probability
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Chance Constraint Reformulation

P(i(x,w) <i™*)>1—¢€

Non-linear dependence on acceptable violation
decision variables and uncertainty probability
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Chance Constraint Reformulation

P(i(x,w) <i™*)>1—¢€

Non-linear dependence on acceptable violation
decision variables and uncertainty probability

= Linearization — similar methods as for DC power flow (zhangand Li, 2011)

) ) ) . (DallAnese, Baker and
= Needs good linearization point! Summers 2016)

» Los Alamos Line Roald | 16.02.2017 | 13

AAAAAAAAAAAAAAAAAA



Chance Constraint Reformulation

P(i(x,w) <i™*)>1—¢€

Non-linear dependence on acceptable violation
decision variables and uncertainty probability

= Linearization — similar methods as for DC power flow (zhangand Li, 2011)

) ) ) . (DallAnese, Baker and
= Needs good linearization point! Summers 2016)

= Sample-based — based on convex relaxation ., ..oouiou et al, 2013)
= Ensure tight relaxation & scalability
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Chance Constraint Reformulation

P(i(x,w) <i™*)>1—¢€

Non-linear dependence on acceptable violation
decision variables and uncertainty probability

= Linearization — similar methods as for DC power flow (zhangand Li, 2011)

) ) ) . (DallAnese, Baker and
= Needs good linearization point! Summers 2016)

= Sample-based — based on convex relaxation
= Ensure tight relaxation & scalability

(Vrakopoulou et al, 2013)

Partial linearization + analytical reformulation  (Qu, Roald and Andersson, 2015)

. . . (Schmidli et al, 2016)
= Still an approximation... (Roald, 2016)
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Chance Constraint Reformulation & Andersson 5015

(Roald 2016)

) < imaxy = 1 — non-linear
P(i(x, @) =i™) 21—€ 00 dence
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Chance Constraint Reformulation & Andersson 5015

(Roald 2016)

) < imaxy = 1 — non-linear
P(i(x, @) =i™) 21—€ 00 dence

1. Partial linearization

P(i(x,0) + h(x) w <iM*)>1—¢

Expected operating point Linearization around expected point
Full AC power flow Accurate when uncertainty is small
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Chance Constraint Reformulation & Andersson 5015

(Roald 2016)

) < imaxy = 1 — non-linear
P(i(x, @) =i™) 21—€ 00 dence

1. Partial linearization

P(i(x,0) + h(x) w <iM*)>1—¢

Expected operating point Linearization around expected point
Full AC power flow Accurate when uncertainty is small
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Chance Constraint Reformulation & Andersson 5015

(Roald 2016)

) < imaxy = 1 — non-linear
P(i(x, @) =i™) 21—€ 00 dence

1. Partial linearization

linear dependence
on w

P(i(x,0) + h(x) w <iM*)>1—¢
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Chance Constraint Reformulation & Andersson 5015

(Roald 2016)

) < imaxy = 1 — non-linear
P(i(x, @) =i™) 21—€ 00 dence

1. Partial linearization

linear dependence
on w

P(i(x,0) + h(x) w <iM*)>1—¢

2. Analytical reformulation

i(x,0) <im™* _p1(1 - e)\/h(x) Yoy R(X)

Full AC power flow «uncertainty margin»
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Chance Constraint Reformulation & Andersson 5015

(Roald 2016)

) < imaxy = 1 — non-linear
P(i(x, @) =i™) 21—€ 00 dence

1. Partial linearization

linear dependence
on w

P(i(x,0) + h(x) w <iM*)>1—¢

2. Analytical reformulation

i(x,0) <im™* _p1(1 - E)\/h(x) Yoy R(X)

+ Known or partially known distributions
+ Scalable and transparent
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Chance-Constrained AC Optimal Power Flow

r%icn ZiEQ(CZ,iPé,i + C1,i DG,i t Co,i ) Quadratic objective
s.t.
f(0,v,p,q9) =0, Full AC power flow equations for

forecasted operating point

pe < PE =V hp(X)Zeophp (X)T
p6 = PE™ + 3 hp(X)Zeoyhp (X)T
Reformulated
e < 40 = Jho(N)Zcopho (x) chance constraints
qdc = qglin + \/hQ (x)zcoth (x)
v <M — [ hy, (0)Eophy ()T
v v™ 4 \/hV(x)Zcoth(x)T

i < imY — R () Zconhy ()T
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Chance-Constrained AC Optimal Power Flow

. 2 .
min Yieg(c2,iPGi + c1iPei + Coi ) Solution approaches

s.t. One-shot optimization problem

f®,v,p,9) =0, + Optimize AGC response
6 < P& — hp(X)Zcophp(X)T

6 = P2+ hp () Zcophp ()T

qc < g8 = Jho (D) Zcopho (x)

a6 = q8"™ + ho () Zcophg (x)

v < v — hy (2)Zcophy (x)T

v = ™ 4 Ry (0) S cophy ()T

i < iM% — by (0)Zeoph ()T

» Los Alamos Line Roald | 16.02.2017 | 23

AAAAAAAAAAAAAAAAAA



Chance-Constrained AC Optimal Power Flow

min Ficg(C2,iP6, + C1iPei + Coi ) Solution approaches

s.L. One-shot optimization problem
f6,v,p,q) =0, + Optimize AGC response

pe < pglax o \/hp (x)zcoth (X)T LOWER COST OF

HANDLING UNCERTAINTY

Pe = P + ' hp () Zcophp ()T
dc < qglax - \/hQ (x)zcoth (x)

qc = qm" + Jho (0)Zcopho (X) +7.6%
¢ 2 45"+ ho(DZeovhe o390 IEEE RTS 96
v < v — \/hV(x)Zcoth(x)T .
) . o o I Relative
v =™ 4 Jhy ()2 0phy (0T cost
L < mE — \/hl(x)zcovhl(x)T
Det Fixed AGC Opt. AGC
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Chance-Constrained AC Optimal Power Flow

min Yieg(C2,iPéi + 1iPsi + o) Solution approaches
s.L. One-shot optimization problem
f6,v,p,q) =0, + Optimize AGC response
pe < PO =\ hp () cophp (x)T — Complex problem
e = pg™ + v hp () cophp ()T » LONG SOLUTION TIMES
de < q¢ " — \/hQ (x)zcoth (x)
qc = qmin + Jho () Zoph (x) +7.6%
G G Vho cov’'Q 130 IEEE RTS 96
v < pmax — \/hv(x)zcoth(X)T gy 1255
) Relative
v =™ 4 Jhy ()2 0phy (0T cost
. . Solution
i <im* — S ()T 0phy ()T time

Det Fixed AGC Opt. AGC
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Chance-Constrained AC Optimal Power Flow

min Yieg(€2,iP6 i + €1 P6i + Coy ) Solution approaches

s.L. One-shot optimization problem
f6,v,p,q) =0, + Optimize AGC response

pe < PO =\ hp () cophp (x)T — Complex problem

PG = P&+ hp(X)Zcophp (X)T B) LONG SOLUTION TIMES

dc < qglax - \/hQ (x)zcoth (x)

qc = q" + Jho ()2 copho (x)
6 2 05"+ ho(¥)2eovhe |IEEE 118 bus
v <M — [ hy, (0)Eophy ()T
) Relative
v =™ 4 Jhy ()2 0phy (0T Stopped .cost
o after 13h Solution
[ < max — \/h,(x)Zcm,h,(x)T time

Det. Fixed AGC Opt. AGC
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Chance-Constrained AC Optimal Power Flow

: 2
r%lcn Zieg(CZ,ipG,i + €1, Pe,i T Co,i )

s.t.
f(6,v,p,q9) =0,

P < P — hp () cophp (x)T
PG = pa™ +  hp () Zcophp ()T
qc < 0™ — \Jho () Zcopho (x)
qc = 40" + ho () Zcovho ()
v < 0™ — \hy (2)Zcophy (x)7
v = p™ 4Ry ()T cophy ()T
i < im% — By (0)Zcophy (X)T

AAAAAAAAAAAAAAAAAA

Solution approaches

One-shot optimization problem
+ Optimize AGC response

— Complex problem

Impact of uncertainty is inside the
uncertainty margins
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Chance-Constrained AC Optimal Power Flow

: 2
r%lcn Zieg(CZ,ipG,i + €1, Pe,i T Co,i )

s.t.
f(6,v,p,q9) =0,

P < P — hp () cophp (x)T
PG = pa™ +  hp () Zcophp ()T
qc < 0™ — \Jho () Zcopho (x)
qc = 40" + ho () Zcovho ()
v < 0™ — \hy (2)Zcophy (x)7
v = p™ 4Ry ()T cophy ()T
i < im% — By (0)Zcophy (X)T
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Solution approaches

One-shot optimization problem
+ Optimize AGC response

— Complex problem

Impact of uncertainty is inside the
uncertainty margins

» lterative solution algorithm

(J. Schmidli, L. Roald, S. Chatzivasileiadis,
G. Andersson, 2016), (Roald 2016)
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lterative Solution Scheme

= Quter loop on existing AC OPF

Initialize uncertainty
margins A¥ = 0

|

Solve AC OPF with A%+

v

Yes:
Calculate A¥*1

k+1

v

s max |Ak*1 — 2% < n? —

l

No: Solution found
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lterative Solution Scheme

= Quter loop on existing AC OPF

Initialize uncertainty Use your favourite AC OPF solver!
margins A¥ = 0
|

v
|

v
Calculate A¥*1

l

s max |Ak*1 — 2% < n? —

l

No: Solution found

Yes:
k+1
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lterative Solution Scheme

= Quter loop on existing AC OPF

Initialize uncertainty Use your favourite AC OPF solver!

margins A* = 0
L
\ / I

@AC OPE @._ Scalability

|
v . Yes: RTS96 IEEE Polish

Calculate A1 K+ 1 24 bus 300 Bus 2383 bus
l Random

19 131 941
Is max |/1k+1 . /‘lkl <n? — loads
l Time 0.54s 3.37s 31.89s
lterations 5 5 4

No: Solution found
Cost 40 127 17 143 802 238
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lterative Solution Scheme

= Quter loop on existing AC OPF

Initialize uncertainty Not restricted to analytical
marglni A =0 chance constraint
Solve AC OPF with 2% <+ Monte Carlo
| .
-~ Ivt o Yes: Scenario Approach
alcu a: e k+1
v

s max |Ak*1 — 2% < n? —

l

No: Solution found
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lterative Solution Scheme

= Quter loop on existing AC OPF

Initialize uncertainty Not restricted to analytical
marglni =0 chance constraint
Solve AC OPF with A% <« Monte Carlo

| :
-~ Ivt o Yes: Scenario Approach
alcu a: e k+1

v

s max [A¥+1 — k| < p? — » Benchmarking!

l

No: Solution found
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Comparison with Sample-Based Reformulations

Analytical Reformulation

Analytic expression

p(x,0) < p™3* — =1 /h(x) Zeoy h(2)T

Violation probability € < 1%

AAAAAAAAAAAAAAAAAA

Monte Carlo Simulation

Empirical
evaluation

Violation probability € < 1%

Scenario Approach

Worst-case
realization

Joint violation € < 10%
probability
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Comparison with Sample-Based Reformulations

Analytical Reformulation /Monte Carlo Simulation Scenario Approach \

Analytic expression Empirical Worst-case
p(x,0) < p™@ — =1 JR(x) Togy RO evaluation realization

o .. o . Joint violation < 100
Violation probability € < 1% Violation probability € < 1% orobability €; < 10%

o J

+ No linearization error

+ No explicit assumption
on distribution
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Comparison with Sample-Based Reformulations

Analytical Reformulation /Monte Carlo Simulation Scenario Approach \

Analytic expression Empirical Worst-case
p(x,0) < p™@ — =1 JR(x) Togy RO evaluation realization

Joint violation € < 10%

Violation probability € < 1% Violation probability € < 1% probability
= RTS 96 (19 random loads) + No linearization error
= Historical data from + No explicit assumption
Austrian Power Grid (APG) on distribution

NOT NORMALLY DISTRIBUTED
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Comparison with Sample-Based Reformulations

Analytical Reformulation

Analytic expression
p(x,0) < p™ — f~1h(x) Zcoy h(x)T

Violation probability € < 1%

Cost increase
(from deterministic)

Monte Carlo Simulation
Empirical
evaluation
Violation probability € < 1%

] Max. violation probability
< 1%

1.
|

B 1.4%
o .
2 » Dependent on samples

AAAAAAAAAAAAAAAAAA

Scenario Approach

Worst-case
realization

Joint violation € < 10%
probability
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Comparison with Sample-Based Reformulations

Analytical Reformulation Monte Carlo Simulation Scenario Approach

Analytic expression Empirical Worst-case
p(x,0) < p™@ — =1 JR(x) Togy RO evaluation realization

Joint violation € < 10%

Violation probability € < 1% Violation probability € < 1% orobability
Costincrease Max. violation brobabilit Joint violation probability
(from deterministic) — ' P Y — < 10%

2 » Dependent on samples ’Very conservative
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Comparison with Sample-Based Reformulations

Analytical Reformulation Monte Carlo Simulation Scenario Approach

Analytic expression Empirical Worst-case
p(x,0) < p™@ — =1 JR(x) Togy RO evaluation realization

Joint violation € < 10%
probability

Violation probability € < 1% Violation probability € < 1%

Three conclusions:
1. Analytical reformulation is faster
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Comparison with Sample-Based Reformulations

Analytical Reformulation Monte Carlo Simulation Scenario Approach

Analytic expression Empirical Worst-case
p(x,0) < p™@ — =1 JR(x) Togy RO evaluation realization

Joint violation € < 10%
probability

Violation probability € < 1% Violation probability € < 1%

Three conclusions:
1. Analytical reformulation is faster
2. Similar accuracy as Monte Carlo

Line flows are close to normal distribution, even when injections are not!
«Central limit theorem»
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Comparison with Sample-Based Reformulations

Analytical Reformulation Monte Carlo Simulation
Analytic expression Empirical
p(x,0) < p"% — f~1h(x) Teoy R(2)T evaluation
Violation probability € < 1% Violation probability € < 1%

Three conclusions:

1. Analytical reformulation is faster

2. Similar accuracy as Monte Carlo

3. Scenario Approach is very conservative

AAAAAAAAAAAAAAAAAA

Scenario Approach

Worst-case
realization

Joint violation € < 10%
probability
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Conclusions

= Chance-constrained AC Optimal Power Flow
= Partial linearization — Accurate for «small» fluctuations
= Analytical reformulation — Normal distribution is not that bad
= Performs well when compared with sample-based approaches

= |terative solution approach
= Decouples uncertainty and AC OPF

= Utilizes scalability and robustness of existing implementations
— Polish test case, 2000+ buses, 900+ random loads in 30s
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Thank you!
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Assessment of iterative algorithm

From Aldo Tobler’s semester thesis 2016 (co-supervision with Dan Molzahn)
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Cut and Branch Approach

Iteration 3

Iteration 4
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