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» Stochastic Unit Commitment
—Scenario reduction and scenario tree generation
—Parallel branch-cut-price

= Optimal Power Flow
—Algorithms for security-constrained OPF
—OPF under uncertainty



Stochastic Unit Commitment



UC Formulation

Indices and sets:
iel generators

te{1,....T} time periods

Data

Si(+) startup cost function of unit 1

H(-) shutdown cost function of unit 7

fil+) generation cost function of unit i

(€. q;) maximum and minimum amounts for units i's offer
(R, ;) ramp-up and ramp-down amounts for unit i

(L;. 1;) minimum up and down times for unit 1

d; load at time period t

Decision variables:

Gis generation provided by unit ¢ at time period ¢
Uy binary variable indicating if unit 7 is on at time period ¢
Ugs vector of u;; variables. T, = (w. ), T=t—-L+1.....1.



UC Formulation

Formulation:
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UC Formulation Extensions
Spinning reserves: Non-spinning reserves:
Zoﬂ > 0F. t=1..... T,
i€l Zgi, + PUmy — U > dy. t=1..... T,
0it + Git — Gie—1 < Ri. iel.t=1..... T, il
O o1+ Gigm1 — Gir =T, iel.t=1..... T, v >0, v =0, t=1.... T,
i + gir < Qs icl. t=1..... T,
0 >, icl.t=1...., T.
Spot market buy/sell / Demand response Storage
T
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- D DL R CORS ICEPR LT
5.1, Zgar+m:—m:2dt. t=1..... T, o
el
m; >0. my >0, t=1..... T,

DC power flow constraints

Underway ........c.cooevieeineinniennnnn.
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Scenario Formulation:

If two scenarios are
indistinguishable up to time t,
then the decisions for both
scenarios by time t should be
the same.

If di' =d* Vi <71 then we
add equalities ;! = u:2 Vi

We call the collection of this
equalities as nonanticipativity
constraints

Nodal Formulation:

We use a single set of
decision variables for each
node of the scenario tree.



Stochastic Unit Commitment - Formulation
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» Wind energy is forecasted using weather models
—Wind speed and direction can be forecasted but with uncertainty
—For each farm, generation g;, is a random variable

» Assume that wind energy (subject to technical cut-in constraints) has to
be used (regulatory)

— A must-take constraint
= Therefore the total demand can be written as
—D, =d;- %, g;; (a new random variable)

* |n DC power flow model, each wind farm acts as a new generation
demand point, and thus modeled separately.



= Objective of scenario reduction:  minF(X) - F(x")

= Establishes a tighter Comparing the old and new scenario reduction technique
upper bound than
Pflug’s approach, which 50.00%
considers the 45.00% P
optimization problem 40.00% s
underlying the 15.00% pd e 50%-80new
stochastic program in s —5—50%-80-0ld

30.00% —{J— 75%-80-new
—O— 75%-80-o0ld
—x—50%-30-new
50%-30-old
- £1= 75%-30-new
- ©- 75%-30-old

addition to the Pflug’s
approach that
considers only the
underlying stochastic

25.00%

20.00%

15.00%

process.

» Not only works with the
worst-case upper
bound, but also obtains o 100 200 300 400 500
the real upper bound Load shedding cost ($/MWH)
asymptotically.

10.00%

5.00%

Percent deterioration in the optimal value
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Scenario Tree Generation
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* X,= aX., + & -AR(1) model, t=1,..., 4

SAA Approach

= Sample from (g4, €5, €3, £4) and solve the sample
average approximation problem

SAA & Reduction Approach

= Sample from (g4, €5, €3, £4), @and do scenario
reduction over all sample paths

Our approch

= Generate representative mass points from (g4, €, €3,
€4)

= Sample from g, and do scenario reduction
sample from ¢, and do scenario reduction

» The advantage is less scenario-reduction effort.

» Proven that under certain conditions, this approach
and SAA & Reduction approach are equivalent.
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= We use COIN-BCP, to implement branch-cut-price, COIN-CGL to generate

valid inequalities, COIN-OSI and Cplex to solve the master problem and some
of the pricing problems, and dynamic programming to solve the pricing
problems.

We use four numbers to code a problem instance. First two numbers represent
the scenario tree, third number represents the number of units, and last number
represents the initial status of units. 24-111-1536-2, for example, means an
instance with 24 time periods, 111 scenarios, 1536 units, and second set of
initial statuses.

We run the serial algorithm on an Intel Xeon E5410 processor with 2.33 GHz
speed and 4 GB memory. We run the parallel algorithm on a 32-processor
cluster arranged in four groups of eight SMP processors of this type. We solve
the problems to a 0.01% optimality gap, unless otherwise stated, and report the
solution times in CPU seconds.

» We test several strategies

» Comparing decompositions
Weighted column generation
Combining with Lagrangian relaxation
Stabilization
Primal heuristics

» Valid Inequalities



Branch-Cut-Price vs. Cplex
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quadratic objective Iinear objective

Problem BCP  Cplex Problem BCP Cplex
Instance Instance

6-30-323 17 2 .08%, G-a0-29-1 45 10
G-J0-05-3 128 16.50%  G-30-08-1 137 a2
6-30-192-3 340 18.46%  6-30-192-1 187 M5
6-30-384-3 508 na G-30-384-1 396 1848
T-30-32-3 108 6.34% G-A0-7E8-1 5206 pat] oY
030323 002% 12E5%  20-20-32-1 1258 150
12-30-22-3 0.13% 23500 20-20-08-1 MEs 1515
12-80-22-3 022% 3.20% 20-20-192-1 4498 040
12-80-06-3 0.24% na 20-20-384-1 10388 25K
12-80-192-3 0.23% na 20-20-TBR-1 158301 132K
12-80-384-3  032% na 12-80-32-1 17000 183
12-B0-7HE-3  0.39% na 12-B0-06-1 3500 1949
N-3-32-3 1.62% na 12-50-102-1 G332  B01s
N-H-086-3 0.54% na 12-80-384-1 16764 53K

20-30-32-3 1.89% 1.76% 12-80-TG8-1 441 3K
20-40-32-3 L95% na
20-80-96-3 0.23% na
24-111-32-3  1.50% na
24-221-32-3  1.96% na

Maote: We solve 150 model instances with linear and guadratic fuel cost
functions. In instances with gquadratic cost, we report running time of the
algorithm if it terminates within one howr, or remaining optimality gaps if it
does not. In instances with linear fuel cost, we run the algorithm until 2 solution
within 0.01% optimality is obtained.



Intra-Node Parallelization
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speedup with load balancing

w /o load balancing

Prob. inst. ser’l time 2 4 B 16 32 32

G-30-32-3 147 1.000 358 6558 10E3 17.77 14.92
6-30-06-3 455 191 375 7.12 11.07 19.76 15.81
6-30-192-3 58T 1.03 378 T7.20 1207 1965 16.19
6-30-384-3 D48 1.05 385 T45 1208 2050 16.43
T-30-32-3 200 1.65 3.25 557 10,14 16.72 14.32
Q-30-32-3 322 1.7 368 604 10,24 17.59 13.91
12-30-32-3 488 1.04 360 650 11.73 17.79 14.69
12-80-32-3 1054 1.83 362 627 1068 1852 15.48
12-80-96-3 3301 1.85 370 666 1279 2278 18.T8
12-80-152-3 6943 1.8 371 767 1431 24.03 10 22
12-80-384-3 13505 100 373 7T.81 152 2375 10.72
12-80-TGE-3 27169 1.01 380 7.80 1558 23168 18,52
20-20-32-3 277 1.83 360 665 12095 1927 16.05
20-20-96-3 1734 1.85 366 7T.20 13.27 2264 18.21
20-30-32-3 542 1.85 365 T.82 14T 20.42 16.05
20-40-32-3 BTT 1.82 350 T80 1544 2032 16.81
A0-B0-06-3  T200 1.80 366 T.83 1564 2288 17.14
24-111-32-3 4983 1.66 345 6381 12.72 1765 14.13
24-221-32-3 2T126 164 315 583 11.14 14.06 11.23
Average 1.3 3.62 695 12.73 19.80 16.06

Note: We solve utility model with guadratic cost and with buying and selling costs of $40 and

%15 per megawatt-hour. The problems are solved to within 0.01% optimality.



Hybrid Parallelization
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spoodup
Prob. inst. # nodes (1,20) (10,20) (15,15) (20,10) (29.1)
T2-3-32-3 9 14.82 15.26 12.04 9.31 4.09
72-3-96-3 12 16.B1 18.75 16.12 11.07 0.76
T2-3-192-3 10 17.58 1878 15.29 12.09 5.65
T2-3-384-3 B 20,52 2085 17.45 1298 6.50
T2-3-Te8-3 13 1948  21.25 18.57 11.14 6.72
T72-6-32-3 08 13.70  15.58 16.58 12.83 0.7V
T2-6-96-3 104 15.31  16.75 15.12 14.07 10.76
T2-6-192-3 100 1593 17.78 19.29 15.23 9.65
T2-6-384-3 119 15.85 19.85 21.45 1648 11.50
T2-6-Te6E-3 115 1565 21.25 23.57 16.14 11.72
T2-10-32-3 178 1230 17.58 22.58 18.83 1277
T72-10-96-3 192 1441 1875 23.12 1907 11.76
T2-10-192-3 155 1723  19.78 23.29 107 1265
T2-10-384-3 201 18.75 20.85 24.45 16.98  10.50
T2-10-T68-3 182 1965 19.25 23.57 16.14 12.72

Note: We solve |50 model with linear fuel cost function to within 0.1% opti-
mality. Excluding the two master processors, a total of 30 processors are used
for each experiment. The two numbers in the parentheses denote the number
of the first and the second types of slave processors respectively. For instance,
(10.20) means we assign 10 of the 30 processors to the first group and 20 of
them to the second group.



Solving Large Instances with Parallelization
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problem size IS0 model utility model
(*-1" instances) (*-3" Instances)

Problem 4 binaries 4 r._‘n:-ﬂLinunuE # FﬂnEt.r:aint.ﬁ gap (%) speedup E'leinn speedup
Instance varables [==) time

24-111-32 a2 = 1394 2w 32 = 1399 B 32 = 1300 0.15 18.00 311 16.41
24-111-96 06 = 1394 2 06 = 13499 B o= 06 « 1300 0.05 17.19 1085 18.18
24-111-192 192 » 134949 2w 102 1309 Box 192 « 1300 0.15 10.49 1804 2214
24-111-384 84 = 1300 2w 384 = 1399 B o= 384 x 1399 0.0= 2037 3043 24.44
24-111-768 TEE » 1300 2« TEE x 1309 B x THE » 1300 0.0= 2215 4564 27.50
24-111-1536 1536 = 1304 2w 1536 = 1399 B = 1536 = 1300 .11 24.43 7791 20.22
24-111-3072 2073 = 1304 2 3072 = 1399 B = 30732 x 1300 1.25 2528 17.7k 28.01
24-221-32 32 = 2774 2w 32 = 2TTY B 32 37T 0.2 17.82 2125 15.26
24-221-96 06 = 2774 2= 06 = 2774 B 96 = 27T 0.15 18.28 5737 18.54
24-221-192 192 = 2774 2x 1022774 Bx= 192 x 27T 0.32 18.03 1037 2266
24-221-384 384 = 2TT4 2w 384« 2TTd B ox 384 x ITT 024 10.59 1653 25.50
24-221-768 TEE x 2774 2= TE8=2TTd  Bx=THE x2TT 0.32 21.50 26.7k 28.02
24-221-1536 1536 = 27T 2 1536 = 277d B = 1536 = 27T 0.27 2308 423k 29.79
24-221-3072 30732 = 2TT 2w 3073w 2TTd B ox J0T2 x ITT 1.82 24.00 68l 2037

Note: Both models have linear fuel cost functions and are run on 32 processors. For 150 model, we run the algorithm for one
hour, and for utility model we run it until we obtain a solution within 0.01% optimality.



Optimal Power Flow

- Security-Constrained OPF
- OPF under uncertainty



» Security-constrained OPF: it minimizes a given objective function while ensuring
that the operating constraints are satisfied in both the normal and all the
contingency states

min f(u,) Objective

g,(Xp Up) <0 Normal case: pre-contingency operation

gc(xc, “0) <0 Preventive: control variables u not rescheduled
g(x,u)s0 Corrective: reschedule u to remove post-contingency violation
u, - uy| S A, Ramp rates condition

= Major difficulties: large-scale, nonlinear, nonconvex, and possibly discrete
variables

» Trying to solve this problem directly by imposing simultaneously all post-
contingency constraints would lead to prohibitive memory requirements and CPU
times
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» Branch-and-bound based on Lagrangian duality
- Able to find the globally optimal solution
- The lower bound is computed from Lagrangian duality, while the feasible set
subdivision is obtained by rectangular or ellipsoidal bisection
» Benders decomposition

- Decompose into a master problem and subproblems, where subproblems
check solution feasibility for the master problem

- Derive a new cut that exploits the special structure of problem
- Handle the nonconvexity by the adaptive cuts

» Alternating direction methods of multipliers (ADMM)

- A class of first-order primal-dual algorithms based on the augmented
Lagrangian method

- By introducing auxiliary variables for control variables, ADMM decomposes the
original problem into a number of subproblems related to each contingency

20



Exact Methods with Rectangular Model
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Exact Methods with Rectangular Model
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Lagrangian Function
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Inner Subproblems
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SCOPF
min fo(Xq,u,)

s.t. 2o (Xp,up) =0
h,(x,,u,) <0

g (x,u,)=0
h.(x.,u.)<0

u, —uy| <Au™
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Feasibility check

g (x,,u.)=0
h.(x.,u.)<0

u, —uy| <Au®

No

Cut Generation: a'™x<b




Feasibility check

G(y)<0
SCOPF (¥)
min fo (X0,u,) H(y) =0
0\ Ao Yo
Xg e Xc U eyl AX + By-l—bSO
s.t. g,(x,,u,) =0 yr<y <y
h,(x,,u,) <0
gc(xc’uc):0 No

h.(x.,u)<0

u, —uy| <Au™

Cut Generation: a'™x<b
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SCOPF
min fo(Xq,u,)

s.t. go(Xo,uy) =0
h,(x,,u,)<0

g (x,u,)=0
h.(x.,u)<0

u, —uy| <Au™

27

Feasibility check

min,, >«

G(y)<0
H(y)=0
AX+By+b-a<0
y-<y<y’

a>0

No

Cut Generation: a'™x<b

a =A"r
b =—7z"(By" +b)+[7'V,H(Y)+4'V,G(V)(Y-Y")




» Suppose that C(X) is a valid
cut for X, then

c(x)—7c(X) <0 * ¥

isalsoacutforany 0<7<1,

= 7 is chosen by a constraint infeasibility measure for X: the value is large,
we select T close to 1, otherwise 7 iscloseto 0

= Speedup enhancement: Switch off a contingency c if it was feasible for incumbent X

— It is likely that no cuts are generated for later X
— At the end, we need to verify that final X is feasible for contingency c

28
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= ADMM is applicable to the problem with block separable structure

min  {f(x)+g(y): Ax+By=Db,xe X,yeY}

= ADMM algorithm:

Xt =argmin,_, L,(x,y", 1)

y“t =argmin,, L,(x**y,2%)

Zk_l—l _ lk +ﬂ(AXk+l+ Byk+l_b)

where L, (X, Y,4) = fo(X,Up) + 24T (U —Up,) +8/2 31Uy — Uy IF
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= We reformulate SCOPF by introducing slack variables u,,

min fo(Xq,up)

s.t. go(Xp,uy) =0
h, (xp,u,) <0
g (x,u)=0

h. (x,u)<0
u, —uy | <Au™, c=1..,C

u, —u, =0, c=1...C

Let us consider  f(x)=f,(x,,u,), 9(y)=0
X ={(Xy,Uy) :9,(X,,Uy) =0, hy(X,,u,) <0}
Y = U {(X,, U, Up.) 1 9 (X, u.) =0, h (X, u.) <0,u, —ug| <Au™}
Ax+By=b: u,-u, =0

(Xlo(ﬂ,ugﬂ) = arg min(xo,uo)ex fo(Xg,Ug) + Z(ﬁ“ck )T (Up — Ugc)+ﬂ/22” Up — Ugc “2
(X|c(+1’u|c(+l’u|(;:1) = arg rnin(xc,uc,uoc)eYC (ﬂ'ck)T (Ug _u00)+ﬂ/2 ”ul(; _UOC ”2’ C:]'""’C
lk-‘—l — /1k +ﬂ(AXk+1 + Byk+1 _b)




Numerical Results in Serial Implementation
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Benders Adaptive Benders
Cases Optimal Cost It | Time Cost It | Time
CH9 42.24 56.83 4 0.37 42.27 6 0.53
IEEE30 89.73 97.25 5 1.44 02.58 20 | 3.56
NE39 391.61 418.81 5 1.61 391.50 18 | 3.14
IEEES7 419.55 432.67 3 2.24 427.96 9 305
IEEE118 | 1333.04 | 1402.74 | 7 5.81 1332.92 | 18 | 12.63
IEEE300 | 7197.23 | 7325.25 | 5 | 1297 | 719736 | 18 | 26.15
PL3012 26137.92 | 8 | 831.16 | 25923.62 | 12 | 955.08
ADMM Adaptive Benders
Cases Optimal Cost It Time Cost It | Time
CH9 42.24 42.24 19 10 42.27 6 0.53
IEEE30 89.73 89.82 71 F.dd 02.58 20 | 356
NE39 391.61 391.58 | 31 4.74 391.50 18 | 334
IEEEST 419.55 419.52 | 12 4.46 427.96 9 5.5
IEEE118 | 1333.04 | 1333.15 | 29 | 23.54 1332.92 | 18 | 12.63
IEEE300 | 7197.23 | 7197.41 | 16 | 24.61 7197.36 | 18 | 26.15
Pl:g012 250921.58 | 43 | 3270.52 | 25923.62 | 12 | 955.08




Benders Adaptive Benders ADMM
Cases Ser. Time | Par. Time | Ser. Time | Par. Time | Ser. Time | Par. Time
CH9 .37 0.13 0:55 0.18 1.03 (.32
IEEE30 1.44 0.16 3.56 0.42 i | 1.01
NE39 161 0.17 S-14 (:32 4.74 (.55
IEEEST 2.24 0.20 3:55 0.38 4.46 0.41
IEEE118 5.81 0.26 12.63 0.44 23.54 0.79
[EEE300 12.97 0.47 26.15 0.82 24.61 0.74
PL3012 831.16 23.90 055.08 28.65 3270.52 106.29

Par.Time = total time of base case subproblems + efficiency factor*(total time
of contingency subproblems)/number of processors

32




» We model two stages of decisions separated by, say, 5 ~ 15 mins

» Second stage recourse provided by expensive, fast-response energy sources
Pin_ Q" like spotmarket, peaker generators, demand response etc.

» The first stage of the two-stage problem

min f(P9)+ Zé p°.0° (PQ?)

s.t. constraints for 1st stage variables PQ?,V*

» The 2nd stage of the two-stage problem

®°(PQ%)=min g(P"*)—h(P**)
s.t. constraints for 2nd stage variables PQ™<,PQ®"< V¢

33



= Assumption 1: For every PQ9 € [P .., P .J*[Qni Qmaxls the 209 stage
problem is feasible

= Assumption 2: The dual of 2"d stage problem has a zero duality gap

» We solve a sequence of lower approximations of the master problem by
augmenting a piecewise-linear approximation of " Specifically, we generate
and use a set of subgradient {7;5} of w°.

= The kth iterate solves

i g £ ¢
min f(P%)+>  p
s.t. constraints for 1st stage variables PQ®,V*
and A: 7’ > o (PQ" )+ ()" (PQ® - PQ™")
B: ) .pn° 2 ) prof(PQY)+) p*(z**) (PQ® - PQ*)

34
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Algorithm A | Algorithm B ADMM
Cases Exp. cost | Gen. cost | iter | time | iter | time | iter | time
CH9 21429 2002.8 2 0.41 2 0.42 28 2.563
|[EEE14 5735.4 5776.3 2 0.47 2 0.45 35 3.72
IEEE30 6284.1 6198.7 4 1.62 4 1.44 44 | 10.07
NE39 32465.4 32504.5 2 0.85 ] 0.76 ol 13.64
|[EEES7 38306.6 38212.6 5 0.45 7 0.64 20 5.81
|[EEE118 128576.7 128451.8 4 3.70 4 3.22 17 15.84
IEEE300 | 715032.6 714958.2 3 5.66 3 4.84 29 | 34.07
PL3012 | 2132712.7 | 21328256 | 4 198.0 4 127.8 | 31 | 702.2

» Qur proposed outer-approximation algorithms converge quickly to the

optima

» Theoretically, we can show that these decomposition schemes find the
globally optimal solutions for the nonconvex optimization problems



Thank you for your attention!
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