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Motivation

 Security Constrained AC Optimal Power Flow
* AC: accuracy is needed if close to power delivery
e Robust security: worst contingency/contingencies is/are taken into
account

 Assist the ISO to ensure a secure operation minutes prior to power
delivery

* The worst contingency/contingencies is/are identified



Robust SC ACOPF

The worst
happens
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Robust SC ACOPF

max,, |miny f(u,y)
s.t.
h®(u,y) =0
g%(u,y) <0
y €Y

s.t.

ucli

Inner problem: If
relaxed, convex
conic program
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Convex Conic Program
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min f!x
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Convex Conic Program
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A iel
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1el

[pilly vy Viel

A <0

June 8, 2017 A. J. Conejo, X. Wu




Convex Conic Program example

variables z, x1, x2, yl, y2, ti;

equations of, el, e2, e3, e4, e5;

of.. z =e= 2*x1+x2;

el.. yl =e= x1,;

e2.. y2 =e= x2-1;

e3.. tl =e= 3;

e4.. sgrt(power(yl,2)+power(y2,2)) =1= t1;
e5.. x1+x2 =1= 2; - EQU
model conP /all/; - EQU

solve conP using nlp minimizing z; ---- EQU
---- EQU
---- EQU
---- EQU

---- VAR
---- VAR
---- VAR
---- VAR
---- VAR
---- VAR
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of
el
e2
e3
e4
e5

z
x1
X2
yl
y2
t1

-1.000
3.000
-INF
-INF

LOWER

-INF
-INF
-INF
-INF
-INF
-INF

-1.000
3.000

-3.025
LEVEL

-5.708

-2.683
-0.342

-2.683
-1.342

3.000

min 2x1 + o
€T

s.t.

v1=z1, (1)

Y2 = x2 — 1, (u2)
t1 =3, (1)

\/yl +y2 < tla

I +332§2 ()\)

1.000

. -2.000

-1.000 -1.000

3.000 -2.236

. -2.236
2.000

UPPER MARGINAL

+INF
+INF
+INF .
+INF -4.890E-8
+INF
+INF
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Convex Conic Program example ma 2 — 301 + 2\

s, A
s.t.
variables mul,mu2, nul, z; \ =9
negative variable lambda; p1T A=
equations of, el, e2, e3; o +A=1
of.. z =e= mu2 - 3*nul + 2*lambda;
2 2
el.. mul + lambda =e= 2; \/ 1+ ps <
e2.. mu2 + lambda =e= 1; A <0
e3.. sqgrt(power(mul,2)+power(mu2,2)) =1= nul; —
model conD /all/;
solve conD using nlp maximizing z; LOWER LEVEL UPPER  MARGINAL
---- EQU of . . . 1.000
---- EQU el 2.000 2.000 2.000 | -2.683
---- EQU e2 1.000 1.000 1.000 | -0.342
---- EQU e3 -INF . . 3.000
LOWER LEVEL UPPER  MARGINAL
---- VAR mul -INF 2.000 +INF
---- VAR mu2 -INF 1.000 +INF
---- VAR nul -INF 2.236 +INF
---- VAR z -INF -5.708 +INF :
---- VAR lambda -INF . . 5.025
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max, miny

s.t.
O _
Robust SC ACOPF hO(u,y) = 0

g”(u,y) <0
yey

s.t.

ucel

MaXy maX)\ali:V fD(ua )\7 Ly V)
S.t.

hP(u, )\ p,v) =0
gP(u, A\, p,v) <0
A, v € 8

ucld

Dual of the convex

conic program
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Robust SC ACOPF

maXuy \,p,v

s.t.

hP(u, \, i, v) =0
g”(u, A, p1,v) <0
A, v € )
ucld
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FP(u, A, v)
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ACOPF
rectangular
coordinates
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min CSpS + ZCI-UPPZU + ZCiUqu

P9,¢,8,6 77 el iel
s.t.
G G G . S
p, <pj <p; VieJ (1:%)
G G -G . —
¢’ <q7 <q; VieJ (k%)

Vi<e <V, Viel (xi,X0)

0<py (&)

0<q (m)

Z Pf — Z (Gicoqy + Grey + Bysy) — Z (G
= lo(l)=i 1d(l)=3

cay + Gier — Bisy) +pf =pi Viel VleL (u)

ZQJG_ Z (_Blco(l)_BlC£+Gl5l)— Z (—By

JET; lo(l)=i ld(l)=i
caqy — Bici — Gisi) +qf =qF Viel YIeL (»)

(Gicopy + Grar + Bisi))® + (=Bicoqy — Bicr + Gis1)?
<(f)? Vlel

c; + s; = Co(Caq) VI E L
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Relaxed ACOPF

012 + Sl2 < Co(1)Cd(l) Vie L

1
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Relaxed ACOPF

June 8, 2017

min CSp§ —i—ZCiUszU + ZC}UQ%U

1q,C,5,0
P4 jed el el

s.t.

G G G . _
p, <pj <p; Vied (3,7%)
G G -G . -
¢  <q7 <q; VielJ (k%)

V<<V, Viel (xi)Xe)

0<py (0:)

0<q (m)

Z p§ — Z (Gicoqy + Grar + Bisi) — Z (G
jET; lo(l)=i 1d(l)=i

cqqy + Gier — Bysi) -HDEr == p;D Viel VieL (ui)

Z qu! - Z (—=Bicoy — Bici + Gisy) — Z (—B

J€J; lo(l)=i 1d(1)=4
cay — Biar — Gisi) + @ =q° Yiel YieL (v)
(Gieoy + Giar + stz)2 + (=Bicop)y — Biei + Gle)2
<(f"7)? Vel

Clz + 852 < Co(1)Cd(1) Vie L
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Relaxed ACOPF

For convenience, the above formulation is recast below.

The equivalent constraints (12)-(20) below are used to
replace (9) and (11).

June 8, 2017
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Relaxed ACOPF

(Gicoqy + Gier + Bisi)? + (—Bicoqy — Bicy + Gisy)*
<(f)? Vel

CEQ + 852 < comyCaqy VIE L
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Relaxed ACOPF

M1; = Gieoqy + Gieg + Bis; Yle L (&)
M2, = —Byc,q) — Biey + Gisy Y€ L ()
M3, = fi"** VieL (Q)

M1? + M22 < M3? VieL

N1, =2¢ Vle L (o)

N2, =25 Yle L (B)

N3p=couq) —cqqy YVl€L ()

N4y = coqy +caqy Y€ L (¢1)

N1; + N27 + N37 < N47 Vlie L
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Relaxed ACOPF

To formulate a corrective security constrained OPF model,
the ramping-up and ramping-down variations of each
generator between the normal and the contingency
states need to be limited.

This can be enforced as:

—RP <pf - pf <R Wied (\) ()
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Relaxed ACOPF: Dual

G o pGam Dy + UyX,
R SO Z(&ﬁ + 057 + (050 — BY)A + 050 + RY )N + o k5 + a5F;)

+ Y (Vi + VG + ol i+ P v) + )G
el leL

S.t.

% TN N piges, = CF Vied
Kj +Rj+ ey, =0 Vjed
pi+6=C7F viel

Vi+77i:CiUQ Viel
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Relaxed ACOPF: Dual

Xi + Xi — Z Gilo() — Z Gipaqy + Z B,y + Z Bivgay + Z Gi& — Z By

leL leL leL leL leL le L

4‘§:¢l Z:@+ z:w+ Z:w<0VNJ

lo(l)= 11d(l)= lo(l)=i d(1)=i
— Gipory — Gipay + Bivo) + Bivagy + Gi& — By +2a;, =0 Vi e L
— Bipoy + Bipagy — Givoqy + Givaqy + Bi§G + Gy + 26, =0 Vie L
G+yi < viel
of + B} + ¢ <pf VleL
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Robust
SC
ACOPF

maXy, miny

S.t.
ho(ua Y) —
g®(u,y) <0
ycey
s.t.
uclid
June 8, 2017

) e, SO0 SOV - o

el iel

where

Q= {a\al €{0,1} VielL

D (l-—aw)< k}

leL

Hw={pwm—w)

f(u,y) ijq;_ Z ai(Gicoqy + Gia + Bisy) — Z a;

JE€J; lo(l)=i ld(l)=i
(Gicaqy + Gier — Bis)) +py =pP Vi€l YI€L ()
qu(-; — Z ai(—Bicoy — Bici + Gisy) — Z ap
jE€J; lo(l)=i 1d(1)=i
(_Blcd(l) — Biep — Gisy) + qf] = q{D viel VieL (v)
M1, = ai(Gieoqy + Grey + Bisy) Vi€ L (&)

M2, = aij(—Bicoqy — Bicr + Gisi) Yl € L (i)

1) - (20}
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Robust

J€J
ACOPF: + (P50 — Ry )As + (050 + BY )N + a5k + a5R3)
Dual Version + S (VX + VIR + PP+ qPv) + 3 fG (29)
iel leL
s.t.
a€{0,1} VleL (30)
> (l-a)<K (31)
lel
?SX“”\’“’” fo0 ) VT N AN+ pajes, =C5 ViEe T (32)
hP(u, \, p,v) =0 Kj +Rj +Vijjes, =0 VjeJ (33)
gD(u,)\,,{L,l/)SO ui—f—éi:CiUP Viel (34)
:\ljg}j{/EQ vi+ni =079 Viel (35)
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Robust
SC
ACOPF:

Dual Version

maXu:)\nU*uV

hP(u, \, p,v) =0
g”(u, A\, p1,v) <0
A, v e 2
ucl
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FPu, A p,v)

ﬁ"‘% — ZGltll — ZGﬂQ; + ZBtth + ZBlt4l

leL leL lel leLl

—I-ZGztf)l—Zthﬁa—i— Z ¢ — Z o+

lIEL €L lo(l)=i Ld(l)=i
Yo owe+ Y <0 Viel
lo(l)=i 1 d(l)=3
— Gitl; — Git2; + Bit3; + Bitd; + Gith; — Bito; + 20y
=0 Vlel
— Bitl; + Bit2; — Git3; + Gitd; + Bith; + Git6; + 23;
=0 Vlel
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Robust
SC
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Dual Version

maXu:)\nU*aV
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ucld
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PN, v)

Voyar < 131 S opya VI € L
m(l—a;)gh?)ggm(l—al) Vie L
4 = vgqy —hdy Vi€ L
vamya < th < Tggyar Vi€ L

vaay (1 —ar) <hdy <vapy (1 —a) VIEL
t5y =& — hby Vie L

Gar <t5 < &ay VIEL
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t6; =y — h6; Vle L
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Nonlinearities!

Non-linearities originate from the product of binary and
continuous variables.

However, these products are easily linearized using ad-
ditional continuous variables

June 8, 2017 A.J. Conejo, X. Wu
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Once the worst contingency/contingencies is/are found...



Corrective
Pre-dispatch
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: G, G UP U UQ U
min Cip; + E G p; ‘*‘ZC?; q;
p’Q? 1= jEJ ZEI ?,EI

S.t.

(2) - (6) »

D of— > AlGicony + G+ Bis) — Y A

= l|o(l)=i 1|d(1)=i
(G,gcd(,g) + Gie; — Bysy) +p? = pf) Yiel VielL
> qf = Y A(-Bicoyy — Biey + Gisi) — Y Ap:
GEJ; lo(l)=i l|d(1)=i
(—=Bicqqy — Bier — Gisp) + q,fj = q;D Viel Vlie L
M1, = Ag(GlCO(E) + G+ Bysy) Vle L
M2; = Ay(—Bicoqy — Biey + Gysp) Vi€ L
(14) - (20)

~ Ry <pf —pjo <Rj VjeJ
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Preventive Pre-dispatch

min Y CpY+ > CPPpl +) %Y
€T

P2,e5,6 il i€l

S.t.

(2) — (6)

Y0¥ = Y (Gicoy + Gia+ Bis)) — > (Gy
i€d; lo(l)=i 1ld(l)=i

caqy + Giey — Bis)) +pf =pP Viel VIeL

Y df = > (=Bicoyy - Bia+Gisi)— Y (=B

jed; lo(l)=i 1|d(1)=i
Ca(l) — Bjep — Gysy) + qu = qiD Viel VielL
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Preventive Pre-dispatch

" 4

Yopf = D AGil) + G + Bisy)-

jET: lo(l)=i
> Gl Gl Bl a8 =3P
1|d(1)=
Viel VlielL (71)
> = D A-Buieyy — B + Gusy)) -
jed; lo()=i
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Preventive Pre-dispatch

(14) — (20)

M4y = Giel), + GieY + Bisy? vle L
M5, = —Bgcgl(g) — B,;cgl) + G,;sz(l) Vie L
M6, = f"%® Ve L

M4 + M57 < M67 VI e L

N5, =2¢" Viel

N6, =2s") WieL

N7, = cgl(g) — cg&) Vie L

N8 =l +cy Vel

N57 + N6; + N7 < N8 Vliec L
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How to proceed?
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=

!

[ Initialization }

pe

j,0

(29)-(58)
Worst
Contingencies

[ Solve Problem }

{ Solve Problem } [ Solve Problem }

(59)-(66) (67)-(84)
Corrective Preventive
Re-Dispatch i —— Re-Dispatch

[ Output ]
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Example
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Example

Table 1: Data for generators and lines

Cost Capacity Line Capacity
Generator  ($/MWh) (MW) Line (MVA)
G1 ) 250 1-4 375
G2 1.2 300 4-5 375
G3 1 270 5-6 225
3-6 450
6-7 225
7-8 375
8-2 375
8-9 375
9-4 375

June 8, 2017
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Example

Table 2: WSCC 9-Bus System Results
Normal Dispatch

Cost P Pao Pas
374.34 10 45.28 270
Corrective Dispatch
Cost Pai Pao Pas
399.88 10 107.34 221.07
Preventive Dispatch
Cost, Pai Pao Pas
402.22 10 106.13 224.86
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Case Study

June 8, 2017

A. ). Conejo, X. Wu

37



Case Study

June 8, 2017

Table 3: IEEE 118-Bus System Single-Contingency Results

Normal Corrective Preventive
Dispatch | Re-Dispatch | Re-Dispatch
Generator (MW) (MW) (MW)

G5 211 211 210
G6 370 370 370
G11 163 158 149
G12 179 182 167
G14 199 199 198
G20 90 90 91
G21 319 319 324
G22 296 296 296
G25 305 305 305
G26 142 143 143
G28 126 133 130
G29 139 131 135
G'30 410 381 384
G37 479 475 451
G'39 28 27 27
G40 354 355 354
G45 267 265 264
G46 148 148 148
G51 79 79 79
Cost $86,063 $86,753 $87,654
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Table 4: IEEE 118-Bus System Double-Contingency Results

Normal Corrective Preventive
Dispatch Re-Dispatch Re-Dispatch
Generator (MW) (MW) (MW)
Case Study G5 211 511 211
G6 370 370 370
G11 163 163 159
G12 179 178 185
G14 199 199 200
G20 90 90 90
G21 319 319 319
G22 296 296 296
G25 305 305 305
G26 142 143 143
G28 126 133 129
G29 139 130 137
G30 410 402 416
G37 479 378 341
G39 28 28 28
G40 354 353 359
G4a5 267 266 274
G46 148 148 151
G51 79 79 79
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Case Study

June 8, 2017

Table 4: IEEE 118-Bus System Double-Contingency Results
Normal Corrective Preventive
Dispatch | Re-Dispatch | Re-Dispatch
Generator (MW) (MW) (MW)
Total Generation 4,303 4,191 4,193
Unserved
Real Power 0 110 110
Generation Cost | $86,063 $83,818 $83,853
Unserved Real
Power Cost - $1.1 x 10° $1.1 x 10°
Total Cost $86,063 | $1.94 x 10° | $1.94 x 10°

A.J. Conejo, X. Wu




Summary & Conclusions

A robust AC SCOPF bi-level conic formulation is pre-
sented to retain AC constraints.

Binary variables are used to represent the impact of
contingencies.

A bi-level max-min optimization model is developed to
find the worst contingencies.

Conic duality is used to convert the bi-level problem
into a solvable single-level problem.

June 8, 2017 A.J. Conejo, X. Wu
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Summary & Conclusions

The solution of this model identifies the worst contin-
gencies, which are used to determine either a correc-
tive or a preventive generation dispatch.

This novel technique requires a reasonable computation
time.

The ACOPF relaxation is only used to identify the worst
contingencies.

June 8, 2017 A.J. Conejo, X. Wu
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Thank you!
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