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Abstract

Solving Time Constrained Optimal Power Flow problems (TCOPF) is a major task for determining
optimal extensions of a given power grid. When employing any gradient based optimization algorithm
such as Interior Point Method or Sequential Quadratic Programming for TCOPF, the main computa-
tional effort lies in the solution of large and coupled linear systems. Even for medium-sized electrical
networks and time periods in the range of a few days, these systems can contain several millions of
equations. The corresponding matrix is block tri-diagonal with non-diagonal blocks corresponding to
intertemporal couplings. In our work, we exploit this fact by using Schwarz preconditioning techniques
in combination with iterative Krylov subspace methods such as GMRES for solving linear systems in
parallel. We propose a way of applying these domain decomposition methods in context of TCOPF
problems and present numerical experiments that illustrate their behaviour on two benchmark prob-

lems.

1 Introduction

In many countries the energy sector continues to undergo substantial changes. For instance, the expansion
of decentralized renewable energy sources requires to extend existing transmission grids which have been
designed for centralized and controllable power production in conventional power plants. Determining
such an optimal grid extension leads to a large-scale mixed-integer optimization problem and includes
finding optimal operating states for given power grids over a given time period.

The problem of finding an optimal operating state over a specific time period is known as dynamic
Optimal Power Flow or time constrained Optimal Power Flow (TCOPF) [20]. Since TCOPF itself is
a large-scale nonlinear optimization problem, solving it on a parallel computer architecture is of crucial
importance.

In this context, Interior Point Methods (IPM) have proven to be one of the most powerful optimization
algorithms, because their number of iterations to obtain convergence is rather insensitive to the problem
size. Moreover, the main computational effort when applying IPM lies in the solution of linear systems
of equations which is a suitable task to be carried out on many parallel processors.

There exist a few works on parallel solution of linear systems that arise from IPM applied to TCOPF.
One such approach is based on parallel LU-factorizations by means of Schur complement techniques [8],
[20]. Other strategies use Benders Decomposition to decompose the complete optimization problem into
smaller ones [1].

In this work, we propose the use of Schwarz Domain Decomposition Methods as a preconditioner
for Krylov-type iterative methods for solving linear systems in parallel. We apply these techniques by
decomposing the time period into several smaller sub-domains, allowing the use of multiple computing
processors. All modifications are done on an algebraic level and do not disturb the convergence behaviour
of the underlying IPM algorithm. Furthermore, iterative linear solvers allow the use of Inexact Interior
Point Methods which may significantly reduce the overall computational effort.



On the basis of two benchmark problems, we show that our method can achieve a significant speedup
compared to sequential and parallel direct solvers. However, the standard Schwarz method suffers from
the well-known increase in Krylov iterations for an increasing number of processors. To remedy this
issue, we propose a two-level method and numerical experiments indicate that this method is capable of
conserving a stable number of iterations.

This paper is structured in the following way: In section 2 we state the TCOPF problem and the
application of a suitable IPM. Further, we briefly describe the structure of the arising linear systems.
In section 3.1 we propose a Schwarz method for solving these linear systems in parallel. In section 3.2
and 3.3 we formulate an extension of the previously defined method, leading to the concept of Multilevel
Methods. In section 4, we investigate the numerical behaviour of our methods based on two test cases.
We summarise our results in section 5.

2 Time Constrained Optimal Power Flow

In this section we begin with formulating the TCOPF problem we want so solve. Afterwards a common
way of solving this nonlinear optimization problem by means of IPM is presented. In the last subsection
we give a short description of the linear systems arising in every IPM-iteration.

2.1 TCOPF Formulation

We consider a power grid of Ng nodes denoted by B := {1,..., Ng} and Ng transmission lines denoted
by € C B x B with corresponding admittance matrix

Y =G+ jB e CVo*Ns with G, B € RN5*N5 and j = /1.

Note that Y = Y7 and Yj; # 0 if and only if there is a transmission line connecting node k and [, i.e.,
kl € £. Therefore, Y is a sparse matrix for most real world power grids.
The complex voltage at every node k € B is given by

Vi = Uy, exp jOg,
with voltage amplitude Uy and voltage phase angle difference O between node k and the reference node
]., i.e., @1 =0.
Furthermore, let P := {1,...,Np} and Q := {1,..., Ng} denote the set of active and reactive power
injection processes, respectively. For every [ € P, Pg, is the variable of active power injection and for

every [ € Q, Q¢, is the variable of reactive power injection. Every power injection process is assigned to
a specific node by means of power injection matrices Cp € RV8*N? and Cg € RV5*Ne with

1, active power of process [ is injected at node k
(Cp)u =

0, else

1, reactive power of process [ is injected at node k

C =
(Co)u {O, else.

Denoting the active and reactive power load at node k € B with Ppj and Qp  respectively, the AC
power flow equations read [18]

CpPg — Pp — Pr(U,0) =0 € RV5, (2.1)
CoQc — Qp — Qp(U,0) =0 € RVE, (2.2)
with
Np

Pp)k(U, @) = Z UkUl(le €08 Oy + By sin @kl); ke B,
=1
Np

Qp)k(U, @) = Z UkUl(le sin @kl — By cos @kl); ke B,
=1



where Oy = O, —0;. Prj and Qpy can also be written in terms of active and reactive power flow py, qu;
over all lines incident to node k:

Pry(U,0) = Z Pkt (Uk, Ui, O, ©1),
1#k, Y1 #0

Qrr(U,0) = > au(Us, Ui, O, 6y).
1#k, Y1 #0

Equation (2.1) can be seen as balance equation where the difference (CpPs — Pp)i of injected and
extracted power at node k equals the power flow Prj to all nodes adjacent to k. This is a direct
consequence of Kirchhoff’s circuit law. The same holds for (2.2).

In the following we rewrite equations (2.1), (2.2) as

AC(0,U, Pe,Qa, Pp,Qp) = 0. (2.3)
With this definitions at hand, we can formulate the Optimal Power Flow (OPF) problem [7]:

min _ f(0,U, Pg,Qg) s.t.

O,U,Pc,Qc
AC(G,Ua PG)QG7PD7QD) =0
0,:=0
(OPF) Pa(U,0) + iy (U, 8) < Su, Vk#1€B, Y #0

Umin S U S Umax
PG,min < PG < PG,max
QG,min S QG S QG,max~

Here, < is understood componentwise and Upin, Umax, PG, min; PG max; @G min, @G, max are lower and upper
bounds for node voltages and injected power, respectively. Si; denotes the upper limit for the power flow
over transmission line kl.
The cost function f accounts for costs of generated active power (e.g., in $ per MWh) and has the
form [7]
f(U,0,Pg,Qq) = ZamPg;J +anPgy, ap,an >0, a;p+apn > 0.
lepP

The optimization problem (OPF) can be interpreted as finding the operation state of minimal generating
costs for a given power grid described by the admittance matrix Y at a single point in time with current
power load Pp,Qp.

In contrast to OPF, TCOPF states the problem of finding an optimal operation state over a given
time period instead at a single point in time. To be more precise, let 0 =11 < Ty < ... < Tn, =T
denote a uniform partition of a time period of interest [0, 7] with constant step size 7 = T; — T;—1. To
every time step Ty one can assign a vector of corresponding optimization variables xt € R™"" with

@t
t_ | U
T = Pt ’

7
Qe

where O, U? € RV5, Pt € RN? QL € RN correspond to the optimization variables in (OPF). Conse-
quently, n®* = 2Ng + Np + No.

Furthermore, the power demand may vary over time, i.e., for every time step ¢ there are vectors
P}, QY describing the power demand at every node k. When dealing with renewable energy sources,
varying upper and lower bounds for power generation P§ i, Pé max @G min» @G max are possible as well.
Additionally the change of active power generation between consecutive time steps is bounded from above,
i.e., one has to impose ramp constraints of the form

PG = PG| < TR, VIeP, t=1,...,Np — 1.



Finally, our TCOPF problem is given as [20]

Nt
(O U PLQL). ;Tf(et’Ut’Pé’%) o
AC(8',U", P¢, Qg Pp, Qp) = 0, t=1,...,Np
0! =0, t=1,...,Np
(TCOPF) Pia(U*, 0" + g (U, ©) < Sy, t=1,...,Nr
Umin < U" < Upax, t=1,...,Np
Pl min < P& < Pl s t=1,...,Np
QtG,min <Qg < th,max, t=1,...,Np
P — PL < TR, t=1,...,Np—1
PL — PET < TR, t=1,... Np—1.

One can rewrite this optimization problem in a more compact form as

Nt
min Tf(x") s.t
@)e
g'(z") =0, t=1,....Np (2.4)
Rt (z') <0, t=1,...,Np
hb (2t 2t) <0, t=1,...,Np—1.
or
min F(z) s.t
9(x) =0
h(z) <0
with z = (z! Nt € R™, n® = Ei\; ", n®* and twice continuously differentiable functions

F:R" 5 R
g: Rn“” N RNT(2N5+1)

h_ an N R2NT(N5+NB+N7J+NQ)+2(NT71)N7D

Note that the ramp constraints given by hg establish the only couplings between variables of different
time steps. Without them, a solution to (TCOPF) could be computed by solving Nt independent (OPF)
problems.

There exist other possible formulations of (TCOPF') as well. For example, one could include changes in
active power generation in the cost function f or add additional intertemporal constraints corresponding
to energy storage systems or power generation contracts (e.g., [20]).

2.2 Primal Dual Interior Point Method for TCOPF

Due to the nonlinearity of the AC equations (2.3), (TCOPF) is a nonlinear and non-convex optimization
problem where the number of optimization variables x is proportional to the grid size 2B + P + Q and
to the number of considered time steps Np. When considering real world scenarios involving national
transmission grids and time horizons of several days, typical grid sizes are of order 10* and number of
time steps are of order 102. For such kind of large-scale optimization problems, the use of Interior Point
Methods is a common approach. We briefly describe the application of a Primal Dual Interior Point
Method (PDIPM) for our problem (e.g., [7]).
For (TCOPF') we define the corresponding Lagrangian function by

L:RY xR xR™ SR, (2,A p) = Fz) + \Tg(x) + uTh(z),



with n* = Np(2Np + 1) and n* = 2N7(Ng + Ng + Np + Ng) + 2(Nz — 1)Np.

Assuming additional constraint qualifications like (LICQ), for every local minimum z* of (TCOPF)
there exist corresponding Lagrangian multipliers A*, u* such that (z*, A\*, u*) solves the following KKT-
conditions [7]:

V. L(x, A\ p) = VF(x)" +Vg(x)" A+ Vh(z) p=0 (stationarity)

ViaL(x, A\ p) =g(z) =0 (primal feasibility)

(KKT) VuL(x, A p) =h(x) <0 (primal feasibility)
Vi=1,...,n": p;h;(x) =0 (complementary slackness)

>0 (dual feasibility)

The idea of PDIPM is based on solving the system of nonlinear equations and inequalities (KKT') by
means of a perturbed Newton’s method. In a first step, one removes nonlinear inequalities by introducing
additional slack variables s € R™", resulting in an equivalent system:

VF(z)T +Vg(z)TA+ Vh(z)Tp=0

g(z) =0

(KKTy) | h(z)+s=0
Vi=1,....,n": ps; =0

s>0

> 0.

At first glance, one might think of solving (K KTp) with Newton’s method by starting at a feasible point
(5, 40) € Q:= {(s, 1) > 0} and restricting the step size for each Newton update (Az, As, A\, Ap) to
ensure (s, uM) € Q for all I > 0. Due to p;s; = 0, the exact solution of (K KTp) lies at the boundary
of the feasible region Q. Thus, the Newton iterates (s), u(!)) might be forced towards 99 to achieve
1;s; = 0 while other components of the corresponding nonlinear residual are far from being close to O.
This may lead to very short step sizes and therefore poor convergence.

To remedy this effect, the complementary slackness condition is relaxed to u;s; = v for some v > 0,
yielding the following perturbed KKT system:

VF()' +Vg(x)TA+ Vh(z)Tp=0

g(z) =0

h(z)+s=0

(KKT,) Vi=1,...,n": pis; =7
s>0

= 0.

(KKT,) can be written in a more compact form as

VE(x)+ Vg(z)TA+ Vh(z)
Fy(z, s, A\, p) = h(?c()xi s =0, s,u>0, (2.5)
S — e

with S = diag(s1,...,s.x) and e = (1,...,1) € R". Solving F, = 0, v > 0 by applying Newton’s
method is in general much faster then using Newton’s method for Fy = 0.

Finally, the PDIPM is obtained by solving a sequence of nonlinear systems of equations F,, = 0 with
Newton’s method, where ~; is chosen such that v, — 0. An additional step size control ensures that
(D kDY € Q) for all obtained iterates. Under certain assumptions (including second order sufficient
conditions, strict complementary condition and (LICQ)) one can show that for sufficiently small v, a
locally unique solution (z(F:*) (k%) \(F*) (k) of

F’Yk(xasa)‘aﬂ):()’ s, >0 (26)



exists. This sequence of points is also known as central path and it converges to the exact solution
(*, 8", A", 1u*) of (KKTp) if v — 0. Furthermore, these assumptions imply that VF,, (x,s, A, p) is
nonsingular if (x,s, A, p) is sufficiently close to (a*,s*, \*, u*) and if 74 is sufficiently close to 0 (e.g.,
chapter 19 in [14]).

In practical implementations the sequence of nonlinear problems (2.6) is not solved exactly. Instead,
each system (2.6) is solved with a termination criterion of the form || F,, (z(*:D s(®:D \®D (D) < e
and accordingly defined tolerance e, (e.g., [5]).

We use the approach of updating v after each Newton iteration via
(k) )T s(k)
Ve =0—""——
nkt

with centering parameter o = 0.1 and complementary gap (,u(k))Ts(’“) [7], vielding the following algorithm
[21]:
Algorithm 1. Primal Dual Interior Point Method for TCOPF
Set MO =0, D =¢, y=1,k=0
Choose (0, s
Compute 1 := F,, (z(0), 50 X(0) 1, (0))
Do until convergence
Compute Ay, := VI, (2, sk AF) (k)
Solve ApAj = —ri, Ay = (Az®) As®F) ANF) Ay F))
Compute primal and dual step size o, ag
Set (x(b+D) sk+D) = (20 (K)o (Az®) AsR)
Set (AFHD) 41y = (AE) () 1oy (AXNF) | ApR)
Set i1 = o WTTSY

nk

Compute rji1 := Fy,,, (x*F+D st \(k+1) (k1))

Check convergence criteria
Set k< k+1

Here, we choose z(?) by setting

1
(Pélax—i—Pélin)? Qt: 7( fnax_’_anin)’ = 1a---7NT

1 1
@t:O’ Utz*(Umax‘i‘Umin)y Ptzf 9

2 2
and s(© by

L0 _ Jhi(@ @), hi(2®) < -1
! 1, else '

The primal and dual step sizes are obtained by the fraction to the boundary rule [14] in order to prevent
s®) and x® from becoming negative:
a, = max{a € (0,1], s+ aAs > (1 —p)s}
ag = max{a € (0,1], p+aAp > (1—p)u}
with p = 0.99995. The iteration terminates if all of the following conditions are satisfied [21]:
max{||g(z)||oc, max;{hi(z)}}

1+ max{[|z ([0, |20 }
IVal(z; A 1)l
14 max{[[Alloo, llloo}
_hs)
L[|l
|F(z) = F(z7)|
L+ [F(z7)]

< €feqs feasibility condition

< €grad gradient condition
< €comp complementary condition

< €cost cOst condition



where we omitted the iteration index k + 1 and denote z* by z~.

Remark Algorithm 1 is a very basic PDIPM implementation without any globalization strategy. There
exist more sophisticated implementations using line-search and trust-region methods for ensuring global
convergence (e.g., [19]). Since we focus on parallel linear algebra techniques for TCOPF problems, for
our purpose a locally convergent algorithm is sufficient.

2.3 KKT Matrix in PDIPM

When applying Interior Point Methods, the main computational effort lies in the solution of arising linear
systems. In our case we have to solve the system

VE, (28,58 AE yEYA® — _F (o0 40 B0

in every step of the PDIPM algorithm 1. In the following, we omit the iteration index k. The Newton
matrix is given by

Vil A p) 0 (Vg(x)" (Vh(z)"
- - 0 M 0 S
Vh(z) I 0 0
with diagonal matrices M = diag(u1, ..., ftnr), S = diag(s1, ..., s, ) and identity matrix I € R™ *"",
Eliminating the second and fourth row yields a reduced matrix (see appendix),
— _ (ViLla, A\ p) + (VA(2))"S(Vh(z))  (Vg(x))"
A=Az, s, A\, 1) = ( Vo(z) 0 (2.8)
with diagonal matrix ¥ = diag(4*, ..., =)

Note that A is a symmetric saddle point matrix and thus indefinite. Matrices of this structure are
also labelled as KKT matriz.

The dimension of A is n® +n* = Np(4Ng + Np + Ng + 1). In contrast, A is of dimension n® +n* +
2n* = Np(8Ng + TNp + 5Ng + 4Ng + 1) — 2Np. Since Ng Z 2Np for real world transmission grids,
dim(A) Z 3dim(A). Additionally, the sparsity structure of (Vh(z))TEVh(z) is almost a subset of the
sparsity structure of V2, L(z, A, u). There are just few additional non-zeros due to ramp constraints hg
and lower / upper bounds on P,Q,U. This is due to the fact, that the sparsity structure of all Jacobian
matrices of nonlinear constraints equals the sparsity structure of the admittance matrix Y.

To summarise, the dimension of A is reduced by a factor of ~ 3 compared to A and the (1,1)-block
of A has almost the same sparsity structure than the (1,1)-block of A. In the following, we work with
matrix A.

When dealing with linear systems arising from IPM, one generally has to face the problem of ill-
conditioning. To see this, assume that strict complementary holds at the exact solution (z*, s*, A*, u*) of
(KKTy), ie.,

sip; =0, s; 4+ p; >0, s, pu; >0 for all 4.

If the inequality constraint 7 is active at =*, i.e., sf = h;(z*) = 0, then sgk) — 0 and ugk) — p* > 0 for
k — oo. Consequently, the corresponding entry in the diagonal matrix ¥ becomes very large as the IPM
iterate approaches the exact solution:

(k)

o = (50);; = BLs 5 o0 for b — oo,
S

i

which yields an increasing condition number x(A) = ||A||||A~!||. For this reason, many IPM software
packages (like IPOPT [9]) use direct methods such as LDLT-factorizations to solve the arising linear
systems. In contrast, iterative linear solvers like GMRES [15] are very sensitive to ill-conditioned matrices,
unless a good preconditioner is used. In exchange, they offer a higher potential of parallelization and allow
the use of inexact Interior Point methods [3].



The distribution of the spectrum S(K) = {\ € C, X is eigenvalue of K} of a matrix K is an indicator
for the convergence behaviour of GMRES applied to Kv = b. If K € R¥*Y is diagonalizable, i.e.,
K = VIV~ with [ = diag(A1,...,An), V € RV*¥ then it can be shown that the residual ry = b— Kvy,
in the k-th step of GMRES satisfies

|7x]l2

< VIV Ip(V)]

min max
l[roll2 PEPL,p(0)=1 AES(K)
with Py being the space of polynomials of degree less then or equal to k. This estimate indicates that
a spectrum which is clustered away from 0 is beneficial for the speed of convergence of GMRES. In
particular, GMRES terminates with the exact solution after at most |S(K)| steps.

For general nonlinear optimization problems with corresponding KKT matrix

o H BT nxn mxn
K(B O>,H€R , BeR ,m<n

the so called constraint preconditioner is an example of a widely used preconditioner. It is given by

~_(H BT
(5 %)
with H being an approximation to H that is easy to factorize, e.g., H = diag(H) [14].

One can show that S(K—'K) = {1} U {\, 3u ZTHZu = M\ZTHZu} with Z being a basis of the
nullspace nullB of B [12]. Since K is assumed to be nonsingular, it holds rankB = m and dim(nullB) =
n — m according to Lemma 3.2. Therefore, at most n — m eigenvalues of K~'K are not equal to 1. The
distribution of these remaining eigenvalues depends on how well H approximates H on the nullspace of

B. For (TCOPF) it holds
n—m=n"—n"= Np(Np + Ng — 1).
For many optimization problems, the constraint preconditioner shows a good performance when combined
with GMRES. However, factorizing K in parallel might be difficult.
In section 3 we describe how to exploit the special structure given by (TCOPF) to construct a

parallelizable preconditioner. To get further insight into this structure, note that the linear system to be
solved is of the following form (compare (2.8)):

(Viwﬁﬂgg)m(w) (Vg)T) (ii) ) (:’i) o

One can construct a permutation matrix P € {0, 1}(""+n)x(®"+n%) gych that

Azt
Azt
A AN AN
x x T .
P <A)\) =Pl A e
AgNT
: ANNT
ANNT

where 2! is defined in section 2.1 and A* denotes the Lagrangian multipliers corresponding to the equality
constraints g*(x?) = 0. Applying this permutation to A yields a block tri-diagonal matrix

Ay A 0 0 0
AL, Asy Ags 0 0
0 AL, As Asy 0 0
A=PAPT =| © .. . : - (210
0 0 A%T_2NT_1 ANgp_yNr_; ANg_yNp 0
o ... ... 0 AN, oNp. ANroNroi ANpoNp
0 ... ... 0 AN, Ny ANeNg



Each diagonal block Ay is of saddle point structure and can be interpreted as KKT matrix for a single
(OPF) problem at time step ¢. The off-diagonal blocks A1 describe the couplings between consecutive
time steps ¢t and t + 1. For (TCOPF) presented in section 2.1, these couplings are given by the ramp
constraints [P — P!| < 7R. Since there aren’t any couplings between variables z!, z* with |t — s| > 1
in our TCOPF formulation, the corresponding off-diagonal blocks A;s vanish.

3 Multilevel Domain Decomposition for TCOPF

We describe the construction of a parallelizable preconditioner that allows the use of iterative linear
solvers inside the PDIPM algorithm 1. We make use of domain decomposition techniques that are well
established for solving partial differential equations (PDEs) in parallel. The additive Schwarz Method
(ASM) is such kind of method. In section 3.1 we present the application of ASM in context of TCOPF
problems. In section 3.2 and 3.3 we propose an extension to ASM, involving the concepts of Coarse Grid
Correction and Multilevel ASM.

3.1 Additive Schwarz Method

The original Schwarz method was formulated in 1870 as theoretical tool for proofing existence of elliptic
PDEs on complicated domains [16]. Later on, modifications of it have been used as stand-alone iterative
methods for solving PDEs and have become a standard technique for preconditioning Krylov methods in
context of PDEs [17]. In this work we use the additive variant of Schwarz Methods as preconditioner for
GMRES in order to solve linear systems given by (2.9).

3.1.1 Mathematical Formulation

To apply ASM as preconditioner for the KKT matrix A = A(z,s, A\, u) € R**™ defined by (2.9), we
decompose the set of time steps 7 = {1,..., Ny} into ¢ nonoverlapping sub-domains:

q
T=UT TinTa=0fork#1, Ti={t; ,f;, +1,....4}.
=1

Afterwards, each sub-domain 7; is augmented by additional s, time steps on both ends, yielding an
overlapping decomposition of T (see Figure 1):

q
T=UT Ti={t;t; +1,....t]},

=1

with

P I SR L A
S =17 0\, l=q

Typically, s, € {1,2}.

77—1 7E+1

0000000000000 00000606000 0000000

T

Figure 1: Decomposition of time steps with overlap s, = 1.



We fix the following notation:

x,t

n®!: dimension of z!

At dimension of At

Nr
’I”Lf — E nw,t, TLI — § nw,t’
t=1

n

teT
Nt
nl)\ _ Z n)\,t, n)‘ _ Zn)\’t’
teT; t=1

nl:nf+nl)‘, n =n"*+n

When restricting optimization variables to their components contained in 7;, we write

vy = [2'len, Ay = Ner,
Hrn = [Mtj]teTu Sru = [Sfj]teTm
HR,I] = [H%]te'ﬁu{tffl}v SRl = [S%]teﬂu{tl’fl}’

with primal variables x, multipliers A corresponding to equality constraints, slack variables s and multi-
pliers p corresponding to inequality constraints. The latter ones are split into components assigned to h;
and hp, see (2.4). For all expressions involving ~, 7; is replaced by 7,. The constraint functions g and h
are restricted in the same way:

g (zp) = 9" @)eer
hr [z] (90[1 ) = [hi(z )]teTa
hr, ($[1]7$t’ - ) = [hfic( )]teTu{t -1}
o1t hf,m ()
et = (hR,[z] (gt ~1 2t )

and

EI,[I] — diag Hr,[i),1 . B[, pr, ’
SI,1,1 SL1, pr

. HR,I,1 KR, R,
ER,l:dlag goevy y
. SR,[I],1 SR, lnr,m!

_ (w0
= ( 0 Srp)’
Forl=1,...,q we define by

Az . Am[l] ng Ax . Am[l] 7y
<M> ] (Mm SE (A 0 \AAg <R

the components of the solution vector of (2.9) that can be assigned to time steps in 7; and 7;, respectively.
Let further R; € {0,1}™>" R; € {0,1}™*™ be restriction matrices corresponding to the subsets 7; and

77 such that
Az Az Az Az
m (1) = (89), e 2 (55) - (39), =

holds. The restriction matrices are given as

_(Ry 0 = (Ry 0

10



with sub-restriction matrices of the following form

Rf = (0 Iy 0)e {01},
RY=(0 Ly 0)e{o,
Rf = (0 Iy 0)e {01}
RN = (0 Iy 0) e {01},

Here, I,,, denotes the identity matrix in R™ and the size of the zero matrices may vary for each restriction
matrix and each .
With this definitions at hand, one can define local sub-matrices of A by

A; = RiART. (3.3)

In section 3.1.3 we analyse the structure and invertibility of these sub-matrices.
In the following, we assume that all sub-matrices A; are nonsingular. Then the multiplicative Schwarz
Method for (approximately) solving Av = b is given by [17]:

Algorithm 2. Multiplicative Schwarz Method v = MSM(b)
Set v=0
For I=1,...,q

v+ v+ RFATIR(b— Av)

In every iteration [, the current residual b — Av is restricted to sub-domain 7;. Solving with Afl gives
a local approximation to the error and prolongating the error back with R} yields a correction on 7;.
Thus, the multiplicative Schwarz method can be seen as sequential defect correction algorithm. Omitting
residual updates in each iteration yields the parallelizable ASM:

Algorithm 3. Additive Schwarz Method v = ASM(b)
Set v=10
For I=1,...,q

v v+ RFAT'Rb

which can be written as

q
v = Masmb with Mgy = ZR?AflRl'
=1

The right preconditioned linear system for solving Av = b is then given by
AMaspu = b, v = Mugspu. (34)

Since M 4y is symmetric but in general not positive definite, we use GMRES for solving the unsymmet-
ric system (3.4).

Remark By means of coloring techniques, it is possible to parallelize the multiplicative Schwarz method
up to a certain degree (e.g., [17]).

3.1.2 Implementation

In our implementation, we use one processor per sub-domain 7; and distribute A such that every processor
stores R;A in its local memory. R;A contains the nonoverlapping rows of A; = RIART.

To set up Magys once, every process first has to form its local sub-matrix A;, i.e., in this step the
overlapping part of A; has to be communicated to process [ by process [ — 1 and [ + 1. Afterwards, each

11



process computes an LU-factorization of A;, i.e., A; = L;U;. This step doesn’t involve any communication
and can be done in parallel.

Applying ASM as preconditioner of an iterative method requires computation of vy = Magpbr in
each iteration k. For this step, each process [ first restricts b to its overlapping part b; := R;b which
requires communication with process [ — 1 and [ + 1. The computation of Al_lbl is done by one forward
and backward solve with L; and U;. This step doesn’t involve any communication. As final step, the local
solution v; := Aflbl is prolongated back to update the global solution vector v. This step again requires
communicating the overlapping part of v; to process [ — 1 and [ + 1.

One can further improve the performance of ASM by using the so called restricted version of ASM [6]
which is given by

P
My asn = Z RFAT'R,.
1=1
For this preconditioner just the nonoverlapping part of the local solution v; is prolongated instead of

the entire (overlapping) vector. Experiments show a beneficial behaviour in terms of GMRES iterations
compared to standard ASM [6]. Furthermore, prolongation by R; doesn’t involve any communication.

3.1.3 Analysis of Local KKT Matrices

In this section, we investigate the structure of the local sub-matrices A;. For convenience, let 1 < [ < gq.
For [ =1 and [ = ¢ the same results hold with minor modifications.
By definition,
Ay(x, 8, 1) = RiA(z, s, \, )R]

:(Rf 0><Vix£+<Vh>Tz<Vh> <v9>T> ((Rf)T o)T>

0 R} Vg 0 0 (R}
_ (Rf (Vi.L+ (VR)TS(Vh)) (RP)T R‘Z”(VQ)T(R?)T>
R (Vg) (Rf)" 0 '
Since there are no temporal couplings in the equality constraints g, Vg is of block diagonal form:
Vaigt(zh) 0 0 . 0
0 Vaeg?(z?) 0 e 0
Vy(z) = : - - : (3.5)
0 0 VmNTflgNTil(fENTil) 0
0 0 0 V ovp gNT (2NT)
and
R (Vg(2)) (R)T = Vg (zp)- (3.6)
Further,

Nt
R{(VI)'£(Vh)(R})" = Ry (Z(Vhﬁ(xt))TEtz(Vh?(l’t)O (R)"
t=1

Np—1
+ Ry ( > (Vhﬁz(fft“»xt))TE%(Vhﬁz(xt“,wt))) (BT
= Y Ri (VA (a")"SH(VAL (') (RF)"

teT

+ Y RE(VhR(a™ ") TSR (VA (2 ") (BF)"

t=t; —1

= (Vay hr, @) S0 (Vay hrp ()
+ (Vay hry (Z[z],36”_71,ﬂft?“))TER,[z](Vzm hp (g, ' Y 2t )

- + - +
= (vzmh[l] (‘T[l]axtl laxtl Jr1)>Tz[l](vm[z]h[l] (x[l},xtl 1,1;151 +1))

12



where we used that Vhj is of similar form as Vg.

Note that hp ) is a function of ' for t € TTU{t; — 1} U{t; + 1}, whereas Va, hp () is a constant
matrix. In the following, we consider hpg | as a function of z;) with some fixed vectors v, v in place of
zt —1 and 2t +1,

Define the local Lagrangian function

Ly, A i) = Y 7)) + Myg () + plyh (=1).
teT

Since all temporal couplings are linear, V2_L is block diagonal and it holds
T 72 xz\T 2 2
Rl er‘c(zv )‘a /u‘) (Rl ) = Vz[l]m[l]£($7 >‘a ,LL) = V:E[l]mm‘c[l] (x[l] ; >‘[l]7 /L[l])
Thus, A; can be written as

Hyy(z, A ) (Vo (zg))”
— AT Al A1) g\
Az, s, p) = ( Vo () 0 (3.7)

with Hyy(zpp, A o) = Vi e L@ Anps b)) + (Vg ()" Sp (Vag (zp))-

Therefore, A; is the KKT matrix obtained when applying algorithm 1 to the optimization problem
corresponding to the Lagrangian function Ly;. This problem has the form of (TCOPF') with T replaced
by 7; and additional "boundary conditions” v, v™:

min 7f(z?) s.t.
(It)tGTL ; f( )
l
g'(z')=0,teT
toot
(TCOPF(v™,v")) hi(@') <0, t€T
Rt (xt+1,xt) <0, te 77\{#}
Ry "t vT) <0
htz (U+,thl+) S 0

Using the results above, one can show that the restriction of global KKT points are KKT points of the
local problem:

Lemma 3.1. Let (z*, A", uj, uf) be a KKT point of (TCOPF). Then (xfy, Nys 47 iy Kr ) @ o KKT
point of (TC’OPFl(a:*vtf_l,x*vtzﬂ‘l)),

Proof The validity of primal feasibility, dual feasibility and complementary slackness condition in the
KKT conditions for (TCOPF,(z*% ’1,:5*’tl++1)) follows directly from the corresponding conditions in

(KKT). The stationarity condition for (TCOPFl(m*’tl_’l,x*’trﬂ)) can be obtained by restricting the
stationarity condition in (K KT) with R}. O

In order to analyse the invertibility of A; we use the following result which is variant of Theorem 3.2
in [4]:

Lemma 3.2. Let

H BT
K:(B 0) with H e R™*" BcR™"™ m<n

and Z € R™*! denote a basis of nullB. Then it holds:
i) If K is invertible then rankB = m.
ii) If rankB = m and ZTHZ is invertible then K is invertible.
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Proof See Appendix.

Assuming nonsingularity of the global KKT matrix A, Lemma 3.2 () yields that the Jacobian of equality
constraints Vg has full row rank. Due to the block diagonal structure of Vg, see (3.5), Vg has full row
rank as well. Thus, to ensure nonsingularity of A;, by means of Lemma 3.2 (i¢) it is sufficient to ensure
nonsingularity of Zﬁ Hy Zyyy, with Zjj) being a basis of nullVgy,.

By choosing a basis of orthonormal vectors Zj; and adding a multiple of the identity matrix e/, > 0
to Hpy, Z[ql} Hy Zy) is modified to Z[jl} Hy Zy) + el. Therefore, nonsingularity of Z[jl} HyZy) can be obtained
for € being large enough. In a practical implementation this can be done if the LU-factorization of A;
without modification fails. Since A; is just used as preconditioner, this modification only influences the
convergence of the linear solver, but not the result of solving Av = b.

3.1.4 Relationship between ASM and Constraint Preconditioner

Let ~ o o

Ay = RAR] e R"*™
be the restriction of A to the nonoverlapping sub-domain T = {ff, ceey t~z+} In this case, the corresponding
ASM

q
Masm =Y RIAT'R
=1

reduces to a block Jacobi method with omitted couplings between variables assigned to ff and Ez_+1 for

each sub-domain [. Permuting Mgy with P defined by (2.10), yields a block diagonal matrix which is

the inverse of the permuted KKT matrix A with neglected off-diagonal blocks Atf I~ forl=1,...,q—1.
+

Since these omitted couplings only arise in the (1,1)-block of A, namely in (V)T S(Vh), Magas has
the form of constraint preconditioner for A:

. i ™ !
Moasas — (vg (Vg) ) .

As pointed out in section 2.3, 1 is an eigenvalue of Mgy A of multiplicity 2n* and the remaining n® —n*

eigenvalues are solutions of a generalized eigenvalue problem of the following form:

ZT(V2, L+ (VRTS(Vh)Zv = N\ZTH Zv.

=:H

For a low number of sub-domains ¢, one might expect H to be a good approximation to H, leading
to a clustered spectrum & (M AsmA) close to one. However, the more sub-domains, the more neglected
couplings and the less accurate does H approximate H. This results in a more scattered eigenvalue
distribution of MagarA, but still a large number of eigenvalues are equal to 1. The corresponding
behaviour of GMRES preconditioned by M sy is illustrated by the numerical example in section 4.1.

3.2 Coarse Grid Correction

The main computational effort remains in factorizing A; and applying Magsp;. Obviously, increasing
the number of sub-domains ¢ results in smaller sub-matrices A; and therefore significant reduction of
computing time for the factorization step. However, since information about the solution on different
sub-domains is only exchanged between neighbouring sub-domains, an increasing number of sub-domains
generally leads to an increasing number of GMRES iterations. To remedy this effect, a common approach
consists of augmenting ASM with a mechanism that ensures the exchange of global information across all
sub-domains. This leads to the concept of Coarse Grid Correction [17].
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3.2.1 Abstract Coarse Grid Correction
To augment Mgy with a coarse grid correction, we need a restriction operator similar to R; in Section
3.1.1:

Ro = <%‘O %) € R™X" with RY € R™*"" R} € R"*"", (38)

In contrast to Ry, R§ extracts components of = that are distributed over the whole vector instead of a

locally clustered part. The same holds for R}. In the next section, we describe RE and R} in more detail.
Similar to (3.3) we define a coarse system matrix by restricting the global matrix A:

Ay = RoARY.
Now, a two-level ASM is given by the following algorithm [17]:

Algorithm 4. Two-Level Additive Schwarz Method v = ASM2(b)
Set v=0
For I=1,...,q
v v+ RFARb
Compute 7 =0b— Av
Set v <+ v+ RYA ' Ror

or equivalently,
v = Masub+ REA; Ro(b— AMasad) = (Mo + (I — MoA)Magar)b =: Magaab.
———
=:My

Thus, the standard ASM algorithm 3 is extended by an additional defect correction step. ASM2 is an
hybrid algorithm with parallelized sub-domain approximation and coarse grid correction being performed
in sequential.

Defining the error e4gp = v« —vagy W.r.t. the exact solution v, and the ASM approximation vagay,
it holds

r=0b—Avasy = Av, — Avasy = A(ve —vasm) = Aeasn-
Assuming that local error components are rather small due to the exact sub-domain solutions by Al_l,
€y = RgAalRoT
should yield a good approximation to e sgps. Therefore, by
UV =VASM + €0 R VASM + €ASM = Vs«

one might obtain an improved approximation to the exact solution.

3.2.2 Construction of a Coarse Restriction Operator

In this section we describe the construction of our coarse restriction operator Ry in more detail. This
approach is motivated by the usage of coarse grid corrections in context of numerical solution of PDEs.
In this area, coarse systems are usually obtained by discretizing the arising differential operators on the
complete domain but with lower resolution [17]. Therefore, our coarse grid 7y should also cover the whole
range of time steps 7 but with lower temporal resolution. To this end, define the coarse grid

Toe:={t=cs+1,teT, seNg}U{Np} with c € N,;¢ > 2.

To,c contains every c-th time step in 7 and both end points. In the following, set ¢ = 2 and write Ty = 7o 2.
As in section 3.1.1, we define restrictions of vectors z € R™", X\ € R™ by

o) = [zl liers = [@'ier, € R™
A
Alo] = [)‘fo]]teTo = P\t]teTo € R"o

T __ x,t A At _ T A
ng = E nwt, ng = E n>v, ng =ng +ng.
teTo teTo
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Figure 2: One side extrapolation of variables from coarse to fine space
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Figure 3: Two side interpolation of variables from coarse to fine space

coarse grid

fine grid

coarse grid

Furthermore, we define for ¢ € T the nearest points in Ty by
Z_(t) :==max{ty € To, to <t} and Z, (¢t) := min{ty € T, to > t}.

We construct the restriction operator Ry by giving a form of its transpose RJ, i.e., the prolongation
from coarse to fine space variables. Thus, we have to describe how to obtain values for those variables
zt, XY, t € Ty that are not part of the coarse space.

Note that in the optimization problem (TCOPF) the equality constraints g*(z!) = 0 are completely
decoupled. In order to preserve this structure, the prolongation operator for multipliers (Rj)? should not
introduce any couplings between )‘fo]’ )‘fo] for t # s. Therefore, we use a one side extrapolation to obtain
values for \f, t € Tp.

The prolongation operator for multipliers (R(})T : R" — R™ is now given such that a coarse multiplier
A= [S\t]teﬁ) € R™ is mapped to the space of fine multipliers by

/\1
(R)"N=| : | with A\t = -,
ANT

For primal variables 2! = (' U' P QE)T the situation is slightly different. Since there is no
coupling between ©f, ©° for t # s in (TCOPF), we use the same type of prolongation as for dual
variables A. The same holds for U? and Q%. In contrast, P4, P5' are coupled via h%;. This type of
variables are prolongated by interpolation. To sum up, the prolongation operator for primal variables
(RE)T: R™ — R™ maps a coarse primal variable & = [#'];e, € R™, 3¢ = (6¢ U' P QE)T into
the fine space via

xt e
(R)HYTz =] = rt = U such that
0 - . ) - Pt
Nt Qg
@t _ él—, (t)
Ut — -
T (¢
QtG = wa ©
t=T_(t) 5z Zy(t) =t 57,00
py=_'—=\ pr pr+®

S RO () T.(0)-Z-() ©

Both kind of prolongation operators are illustrated in Figure 2 and 3.
3.2.3 Implementation

The setup of Magpo consists of setting up Magy and two additional steps, namely constructing and
factorizing the coarse system matrix Ag. These steps can be done either in sequential or in parallel.
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In the sequential case, construction of Ay requires communication between one master processor (com-
putes and stores Ay in its local memory) and all other other processors [ (each storing R/ A in its local
memory). Afterwards, the restriction operator Ry is applied by the master process to obtain Ay and a
LU-factorization is computed.

In the parallel case, each processor [ stores the local part RIROT of Ry in its local memory and
construction of Ay is done in parallel which involves communication with processors [ — 1 and [ 4+ 1. To
compute an LU-factorization of Ay one can use a parallel direct solver. Since the parallel efficiency for
these kind of solvers often deteriorates with increasing number of processors, it might be advantageous
to use just a subset of all available processors.

When applying M 4gas2, the residual r = b— Av 4557 has to be computed after the application of Magy;.
This computation is done in parallel by all processors that were used to compute vasy = Magnb. Here,
communication is necessary for distributing vasas over all processors. The computation of RE Ay 'Ror
is done by those processors that were previously used to set up Ag. Each such processors extracts its
local part of the residual  and performs one forward and backward solve. Finally, the result of A, LRor
is prolongated to the fine space and added to the global vector v. Each of these steps involves global
communication.

3.3 Multilevel ASM

The numerical experiments in section 4 will show that the previously defined coarse grid correction can
substantially reduce the number of iterations of ASM-preconditioned GMRES. However, the dimension
of the corresponding coarse system matrix Ag is only divided by a factor of 2 compared to the dimension
of the original matrix A. So Ay might still be too large to be factorized in reasonable time. Fortunately,
there exists a (quite straightforward) solution for this problem: Instead of factorizing Ay and computing
an exact solution of e = Ag 'Ror in algorithm 4, we solve the system Age = Ryr approximately by
applying again the two-level ASM algorithm 4. This can be done recursively, leading to the concept of
Multilevel Methods [11].

3.3.1 Mathematical Formulation

In the following, we consider a hierarchy of K + 1 grids of different temporal resolution given by
TE =T
TF={t=2s+1,tc T seNgJU{Ns}, k=K —1,...,0

Each grid, except of the coarsest, is decomposed into g overlapping sub-grids, see section 3.1.1,

q
TF=JT" k=1... K

=1

and for each sub-grid 77“ let Rf € {0, 1}";c xn" denote the corresponding restriction operator as defined

in (3.1) and (3.2). Here,
nf — Z n®t +nA,t’ nk — Z net _~_n>\,t.
teTr teTk

With R we denote the restriction operator from 7% to 7! see (3.8). For each level, we define the
corresponding global system matrix by

AK =4
AR = REFLAMH RN =K —1,...,0

and sub-matrices by
AF = RFA*RNT 1=1,...,¢, k=1,..., K.
The ASM preconditioner on each level £ > 1 is then obtained by

q

Mgt =) (RD)T(A]) ™' Rfb.
=1
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Our multilevel additive Schwarz method (MLASM) is now given as V-cycle in the standard multilevel
framework with an ASM-preconditioned Richardson Iteration as pre- and post-smoother, see chapter 4
in [11]:

Algorithm 5. Multilevel Additive Schwarz Method v = MLASM(r, k)

If k=0
Compute v = (A°)~"1r (0) exact coarse solution
Return v

Else
vk = Sk(0,7, 1) (1) pre smoothing
vk =1 — Akyk (2) residual computation
rF=1 = Rkrk (3) restriction
ek=t = MLASM (r*= k —1)  (4) approximate error
ek = (RE)T ekt (5) prolongation
e A (6) defect correction
v =k + Sk r v) (7) post smoothing
Return v

The preconditioned Richardson iteration at level k is defined by

Algorithm 6. Preconditioned Richardson Iteration v = S*(z,r,v)
Set v==
For i=1,...,v

v v+ MEgy (r — AFv)

where v denotes the number of smoothing steps. Typical values for v; are in the range of 1 to 5. We use
the Richardson iteration, because it is one of the simplest iterative methods for solving linear systems. It
only consists of applying ASM v times with a residual update after each iteration.

3.3.2 Implementation

Like in the previous cases, we use MLASM as right preconditioner for GMRES applied to Av = b, i.e.,
we solve

Bu =0, v =MLASM(u, K)

with the operator
B:R" - R", u+— A MLASM(u, K).

For the parallel implementation of algorithm 5 on ¢ processors we combine the data structurs presented
in section 3.1.2 and 3.2.3, i.e., every processor [ stores RfA’“, k=1,...,K in its local memory. The
coarse system matrix A° is distributed over a subset of g processors, where gy depends on the dimension
of A%, As mentioned in section 3.2.3, using ¢y < ¢ might be computationally more efficient if 7° just
covers a few time steps. Setting up M%g,, and LOU® = A is done successively for k = 1,..., K but
parallel within each level k.

The costs for the setup phase are dominated by LU-factorizations of Aé“. Assume that the number
of floating point operations for computing LU = AF is approximately given by C(T}) ~ c(T})® with
le = |7;k|, «a > 1 and ¢ being independent of k,[. For simplicity, assume further that le = %%’ ie.,
we ignore the overlap of sub-domains s,;. Then the number of floating point operations C; for computing

factorizations of Af for all levels k =1, ..., K on each processor [ can approximately be computed by
K K o K K—k 1
N 1 1 ~ 11—
_ k\ __ T _ «a _ 20K
a=Sct) =y (gir) —Nis S (3)  —Om e
k=1 k=1 k=1 20
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If the factorization of A® is computed in sequential, the total number of floating point operations on each
processor [ is given by

L o (11-5% 1 .
C=C qjq—‘r?O‘K =:Cpal(q, K)

with C denoting the number of operations for computing LU = A. Thus, the maximal possible speedup
that can be obtained by GMRES 4+ MLASM compared to a sequential LU-factorization is bounded from
above by p, (g, K).

When applying MLASM, the operations (1-7) within level £ > 1 are done consecutively, but every
single operation is parallelized. Communication between processors assigned to neighbouring sub-domains
77“ is necessary in steps 1,4 and 7. The final coarse grid correction MLASM(r?, 0) is done as described in
section 3.2.3.

4 Numerical Experiments

In this section, we present some results for our previously proposed methods applied to two differ-
ent (TCOPF) problems. For both test cases we use the grid data case3120sp provided by MAT-
POWER [21]. This grid consists of 3120 nodes, 248 generators and 3693 transmission lines. We con-
sider a time period 7 = {1,...,64} with step size 7 = 1 hour and constant upper and lower bounds
P oo P mins QG maxs QG min With values provided by case3120sp. In order to obtain temporal varying
demand data Pf,Q%, we use a scaling function ¢ : [0,24] — [0.65,1] that roughly models a typical
demand curve for one day. We set

PL = §(t mod24) Pp, Q% = 6(t mod24)Qp,

with reference demands Pp, Qp contained in case3120sp.

The ramp constraints \ngl — PL| < 7R are modelled in two different ways. For the first test case
we set R = R; = 0.2Pg max and for the second one we set R = R;; = 0.8Apmax. Here, Apmax,i =
mMaxi<;<63 |Pg;1 — Pé2| with Pg being the result of solving (TCOPF') with the configuration defined
above but without any ramp constraints. It holds Ryr; = 8;Pg max,; With 3; € (0,0.5).

For solving (TCOPF) we use the PDIPM algorithm mips which is written in Matlab code and part of
MATPOWER. In this algorithm we replace the standard Matlab backslash operator \ for solving linear
systems by our own linear solver. This solver consists of GMRES with right preconditioner given by the
restricted versions of ASM, ASM2 and MLASM, respectively. For computing LU-factorizations of local
systems A; and the coarse system Ay we use SuperLU_DIST [13]. Our solver is written in C++ and
makes use of the KSPFGMRES, PCASM and PCMG methods provided by PETSc [2] which is compiled in
Release mode. All tests are performed on a Linux workstation with Intel Core i7-4770 CPU @ 3.40GHz
x 8 processor and 31,4 GB of RAM.

We set the PDIPM termination criteria €feqs = €grad = €comp = €cost = 1076 and solve the arising

linear systems with relative residual tolerance ‘lbﬁbﬁvll < 10719 where || - || denotes the Euclidean norm.

When solving linear systems with this accuracy, mips needs as many iterations to converge as when applied
with direct solver \ for our test cases. GMRES is used without restarting and the maximum number of
iterations is set 200. The overlap s,; is set to 1 for all tests.

4.1 Test Case 1

In a first step, we apply the one-level ASM to test case 1 and compare its performance with a block Jacobi
preconditioner. As showed in section 3.1.4, the block Jacobi preconditioner has the form of a constraint
preconditioner (CP).

Figure 4 shows the progress of PDIPM termination criteria €fcqs, €grads Ecomp €cost Obtained for g = 2
sub-domains. One can observe that convergence towards a feasible point is rather fast, whereas it takes
much longer to fulfill the optimality criteria €grqq < 10~% and €comp < 106,

In Figure 5 the number of GMRES iterations is plotted over the number IPM iteration index k. For
k < 70 one can observe a slight increase in GMRES+ASM iterations for increasing ¢. This increase
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in iterations is typical for one-level domain decomposition methods and is due to the fact, that the
local subspace correction operators RlTAflRl allow exchange of information only between neighbouring
sub-domains. The more sub-domains, the more iterations it takes to propagate information across all
sub-domains. This effect becomes more intense as the PDIPM iterate converges to the exact solution
because the entries ¥;; corresponding to active constraints tend towards oo, leading to an increasingly
ill-conditioned matrix A.

CP given by block Jacobi shows a similar behaviour as ASM in the first 30 IPM steps. Afterwards,
only CP with two sub-domains can conserve a stable number of iterations, whereas the performance of
CP-4 and CP-8 deteriorates.

Figure 6 shows the progress of speedup su(k) for the first & IPM iterations of GMRES+ASM and
SuperLU_DIST with ¢ = 2,4, 8 processors compared to the reference solution time obtained by sequential
SuperLU_DIST: .

su(k) = 2=t 0
Zi:l C(7)
with (i) denoting the solution time of sequential SuperLU_DIST in iteration ¢ and C(i) denoting the
solution time in iteration ¢ of GMRES+ASM and parallel SuperLU_DIST, respectively. Obviously, the
increase in GMRES iteration leads to a decreasing speedup for ASM. Nevertheless, the speedup obtained
by GMRES+ASM is significantly higher than the one obtained by parallel SuperLU_DIST.

1e+10
Ng | 3120 T feas
Ne | 3693 ~grad
Np 248 1e+05¢ 3 —comp
Ng 248 —cost
Np 64
1e+00¢ E

T 1
n®! 6736
nMt | 6241 1605k ]

n® | 431,104

n* | 399,424

n | 830,528 1e1% 20 40 60 80

IPM iteration k
Table 1: Dimensions of test Figure 4: Test case 1: Progress of €feas, €grad; Ecomp; €cost

case 1

4.2 Test Case 2

When applying one-level ASM to test case 2, the number of GMRES iterations changes drastically. In
this case, one can observe a large increase in iterations for both increasing number of sub-domains ¢ and
increasing IPM iteration index k, see Figure 8. The critical index k£ until which the number of GMRES
iterations is stable, decreases from ~ 70 in case 1 to ~ 11 in case 2. This different convergence of GMRES
preconditioned by ASM is a result of tighter ramp constraints hg, leading to corresponding entries X;; that
grow much faster than in case 1. Therefore, the algebraic coupling in A between variables corresponding
to different sub-domains 7; is stronger. The higher the number of sub-domains ¢, the more of this strong
couplings are ignored by the preconditioner M sg3; and the less accurately does it approximate the exact
inverse A1

Using a coarse grid correction can significantly reduce this effect. As one can observe in Figure 9,
the number of GMRES iterations just slightly increases for an increasing number of sub-domains ¢ and
it is even lower than in case 1. Moreover, the convergence of GMRES preconditioned by two-level ASM
is rather insensitive to k, except of the final 10 iterations. Note that the increase in the average number
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—#2
—#4
method | av. GMRES it. 1—#8
ASM-2 10.6 ~=-#2-CP
ASM-4 18.6 ---#4-CP
ASM-8 19.6 ~=-#8-CP
CP-2 23.7
Cp-4 42.4 .
CP-8 56.6
80
IPM iteration k
Table 2: Average number of Figure 5: Test case 1: Number of GMRES+(ASM/CP) iterations
GMRES iterations per PDIPM step for ¢ = 2,4,8
5
—#2
—#4
method | av. comp. time (s) ol | e
ASM-2 12.0
——-#2-LU
ASM-4 10.5
~T#4-LU
ASM-8 7.2 3r 1
LU-1 175 oL
LU-2 14.4
LU-4 14.5 2\/"¥——\_,,___~\ 1
LU-8 16.2 \
10 _______ 20 40 60 80

IPM iteration k
Table 3: Average solution time Figure 6: Test case 1: Progress of speedup for GMRES+ASM and

SuperLU for ¢ =2,4,8

of GMRES iterations from 9.0 for ¢ = 8 to 14.8 for ¢ = 16 is mainly due to the final IPM iterations.
Considering only the first, say, 70 IPM iterations, the average number of GMRES iterations reduces to

MLASM_1-2 | MLASM._1-4 | MLASM_1-8 | MLASM_1-16
43 | 4.6 | 47 | 6.2

Concerning a practical algorithm, one might think of reducing the number of sub-domains for the final
stage of TPM.

Finally, we apply multilevel ASM to case 2 with different number of levels K = 1, 2,3, where MLASM
with K = 1 reduces to two-level ASM. As MLASM can be interpreted as two-level ASM with inexact
coarse grid correction, one might expect less accuracy in approximating A~! for an increasing number
of levels K, resulting in a higher number of GMRES iterations. This is exactly what can be observed in
Figure 10. However, this increase is rather moderate in our example.
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1e+10

Ng | 3120 T feas
Ne | 3693 —grad
Np 248 1e+05¢ 3 —comp
No 248 —cost
Np 64
1e+00¢ E
T 1
n®t 6736
nMt | 6241 16-05
n® | 431,104
n | 399,424
n | 830,528 1e1% 20 40 60 80

IPM iteration k
Table 4: Dimensions of test Figure 7: Test case 2: Progress of €fcas, €grad, €comp; €cost

case 2

5 Conclusions

In this work we propose a way of solving linear systems arising from TCOPF problems in parallel by means
of overlapping Schwarz domain decomposition methods. It was shown how to apply these methods in the
context of TCOPF and that the local sub-matrices correspond to localized formulations of TCOPF with
additional boundary conditions. Numerical tests showed that ASM can lead to a speedup of order 3-4 for 8
processors compared to sequential and parallel direct solvers. However, for tight intertemporal constraints
the performance of ASM deteriorates with an increasing number of sub-domains. We augmented ASM
with a coarse grid correction and numerical tests indicated that this combination is rather insensitive to
the number of sub-domains. Further, we applied the previously developed ASM and coarse grid correction
in a multilevel framework.

For our test cases we observed an almost linear complexity of SuperLU_DIST for computing LU-
factorization of the KKT matrix, leading to a suboptimal speedup of GMRES+ASM.

In our future work, we will apply our methodology to TCOPF problems with a higher number of
intertemporal constraints. For such kind of problems we expect an increasing complexity of direct solvers
and therefore larger speedup of our method. Furthermore, we will employ inexact Interior Point methods
in order to take advantage of using iterative instead of direct linear solvers. The use of inexact local
solvers could lead to additional reduction of computational effort.

From a theoretical point of view, we will investigate whether the abstract Schwarz theory for indefinite
matrices [10] is applicable in order to obtain results concerning convergence of GMRES+ASM. The use
of nonoverlapping domain decomposition methods for TCOPF could be of further interest.
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Appendix

Obtaining a Reduced Form of A

Consider a linear system with matrix A defined in (2.7) as

H 0 Jg Jr T Ty
o M 0 S s| s
Jg 0 0 0 Ao
g T 0 0 " un

Note that M and S are diagonal matrices with positive entries. Multiplying the second equation by S~1
yields

H 0 JgT Jr x Ty
0o X o0 I s| _[S7trs
Jg 0 0 0 A T
Jh I 0 0 1% Tu

Eliminating s = =X~ 4+ M ~'r, given by the second equation yields

H JI'Jf x Ty
Jg 0 0 A = DY
J, 0 —-x1) \pu ry— Mg

with ¥ = S7'M. Eliminating y = SJpx — X(r, + M~'ry) = SJpx — Bry, — S~ 1r, finally yields the
reduced KKT system

H+ JFSJ, Jg z\ _ (re+JFS(r, + M7 ry)
Jg 0 A T '

Proof of Lemma 3.2

i) Assume rankB < m. Then the columns of BT € R"*™ are linearly dependent, so there is a A € R™\ {0}

with BT\ = 0. Setting v = (?\) = (0 yields Kv = 0 which is a contradiction to K being nonsingular.

ii) Let Z € R™*! be a matrix with columns forming a basis of nullB. Since rankB = m, dim(nullB) =
n — dim(rangeB) = n — m. Further, there is a matrix ¥ € R™*™ such that the columns of [Z Y] € R™**™
form a basis of R™ and BY € R™*"™ is nonsingular.
Let v = f\ € R such that Kv = 0. Then Bz = 0 and therefore © = Zz for some z € R*™™.
Multiplying the first equation
HZz+B"A=0

by Z7T yields
0=2"HZ2+ (BZ2)"\=Z"HZ>.

Thus, z = 0 and 2 = Zz = 0. Multiplying the first equation again by Y7 gives
(BY)TA=0

and therefore A = 0. O
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