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Abstract-This paper proposes a temporal decomposition strategy
to reduce the computation time of security-constrained unit
commitment (SCUC). The novelty of this paper is twofold. The
scheduling horizon is decomposed into multiple subhorizons. The
concept of coupling intervals is introduced, and a set of auxiliary
counting variables and logical expressions along with their
equivalent linear models are formulated to handle intertemporal
ramp constraints and minimum on/off times between consecutive
subhorizons. An accelerated analytical target cascading (A-ATC)
algorithm is developed to coordinate SCUC subproblems and find
the optimal solution for the whole operation horizon in a distributed
manner. An initialization strategy is presented to enhance the
convergence performance of A-ATC. The proposed algorithm is
tested on four test systems.

Index Terms—Temporal decomposition, security-constrained
unit commitment, accelerated analytical target cascading.

NOMENCLATURE
Indices, Sets, and Parameters:

c Index for contingencies.

k Index for iterations.

t Index for time intervals.

to Index for coupling time intervals.

u Index for units.

s Index for subhorizon (subproblem) s.

S_ Subhorizon (subproblem) before subhorizon s.
Sy Subhorizon (subproblem) after subhorizon s.
72", T2/ Minimum on/off time of unit u.

p Penalty factor.

Variables:

Lyt On/off status of unit u at interval ¢.

Lyt (s,s_) On/off status of unit u at coupling time interval ¢,
between subhorizons s_ and s determined by
subproblem s and sent to subproblem s_.

Put Power generated by unit u at interval ¢.

Dut,(s,s.) Power generated by unit u at coupling time interval t,,

between subhorizons s_ and s determined by

subproblem s and sent to subproblem s_.

Response shared variables between subhorizons s_

and s calculated by subproblem s_ at iteration k.

Xg_ Set of variables in time intervals belonging to
subhorizon s_.

Vut Startup indicator of unit u at time t.
Zut Shutdown indicator of unit u at time t.
)(é‘_‘s Target shared variables at iteration k.
A Vector of Lagrange multipliers.
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Auxiliary Counting Variables and Functions:

his-  Anauxiliary variable to calculate hy(s .
hﬁg An auxiliary variable to calculate hzg__s).
u(s_,sy Number of hours that SP;_ asks SP; to keep unit u on.
u(s,s.) Number of hours that SP; asks SP;_ to keep unit u on.
hﬁg__s) Number of hours that SP; asks SP; to keep unit u off.
hﬁg ) Number of hours that SP; asks SP; to keep unit u off.
HJ™ An auxiliary variable to linearize max of ®J}.
Fsd First shutdown time of SP,.
Fi¥ First startup time of SF;.

o 4)35 T A vector whose tth element is nonzero if status of unit

u changes in interval t from off/on to on/off.

1. INTRODUCTION

HE computational burden of security-constrained unit

commitment (SCUC) increases with growing the size of the

system and scheduling intervals [1, 2]. Conventional
centralized methods may face difficulties to handle such large
optimization problems within an acceptable time. Distributed
algorithms are proposed as alternatives to decompose large
problems into smaller subproblems and distribute computational
burden on multiple computing machines [3-5]. References [4, 6,
7] review distributed algorithms and their applications on power
systems. Algorithms, such as alternating direction method of
multipliers [8], optimality condition decomposition [9], auxiliary
problem principle [10], and analytical target cascading [11, 12],
are applied to coordinate subproblems. Such algorithms are
widely used for optimal power flow, demand response, and
economic dispatch [13-15].

The literature on distributed SCUC is more limited than
optimal power flow and economic dispatch. To the best of our
knowledge, all existing distributed SCUC approaches are based
on decomposition over geographical areas, uncertainty
scenarios, and contingency scenarios. In [16], progressive
hedging is presented to decompose problems over scenarios.
Reference [17] decomposes hourly day-ahead unit commitment
over stochastic scenarios. In [18], a scenario-based
decomposition is presented for solving two-stage stochastic unit
commitment. In [19], Benders decomposition is applied to
decompose SCUC into a master problem and several
subproblems that handle contingency constraints. Majority of
recent publications focus on area decomposition. In [20-22], the
system is decomposed into several smaller zones, a SCUC
subproblem is formulated for each zone, and distributed
algorithms are developed to coordinate subproblems.

Although decompositions over geographical areas,
uncertainty scenarios, and contingency scenarios may reduce the
computation time of SCUC, they are not capable of handling the



computational complexity originated from temporal constraints.

Such complexity increases as the number of scheduling intervals

grows. Considering contingencies and interdependencies

between scheduling intervals increase the computation time of

SCUC. To reduce the computation time, decomposing SCUC

over the considered scheduling time horizon is potentially a more

promising strategy than a geographical decomposition.

However, the most challenging part of time decomposition is

dealing with ramping and minimum on/off time constraints of

units that interconnect decisions made in consecutive intervals.

In our previous work [23], we presented the idea of time

decomposition for a simple economic dispatch problem without

modeling minimum on/off time constraints.

This paper presents a temporal decomposition and
coordination strategy to solve SCUC distributedly with the aim
of computation time reduction. To the best of our knowledge,
this is the first paper proposing a time decomposition strategy for
SCUC. The overall scheduling horizon is decomposed into
multiple smaller subhorizons, and a SCUC subproblem is
formulated for each subhorizon. The concept of coupling time
intervals is introduced to model ramping limitations of
generating units between two consecutive subhorizons. Each
subproblem has one or two coupling intervals. Moreover, several
auxiliary counting variables and logical expressions along with
their linear equivalent models are presented to model minimum
on/off time constraints between subhorizons. In addition, to
coordinate SCUC subproblems and ensure feasibility and
optimality of results, accelerated analytical target cascading (A-
ATC) is developed to solve subproblems distributedly. An
initialization technique is presented to enhance the convergence
performance of A-ATC. The main contributions of the paper are
summarized as follows:

e A novel temporal decomposition strategy is proposed to
decompose the SCUC problem into multiple time-
interdependent SCUC subproblems.

e  Modeling approaches are developed to handle generating
units’ ramp and minimum on/off restrictions for the
transition between subhorizons.

e Based on the concept of Nesterov momentum for gradient
descent methods, an accelerated ATC is presented to
coordinated SCUC subproblems distributedly.

e An initialization strategy is presented to enhance the
performance of the proposed distributed SCUC algorithm.

II. PROPOSED TIME DECOMPOSITION STRATEGY

The main philosophy of the proposed algorithm is based on
Augmented Lagrangian relaxation [4, 24-26]. To take advantage
of distributed computing, we divide the scheduling horizon into
several smaller, consecutive subhorizons. A SCUC subproblem
is formulated for each subhorizon. SCUC subproblems are
formulated exactly the same as the centralized SCUC for the
whole scheduling horizon, with no need for modifying the
intertemporal and non-intertemporal constraints. Intertemporal
interdependencies between every two consecutive subproblems
are converted into a set of shared variables. Consistency
constraints are formed to ensure that each pair of shared variables
reaches the same values from the perspective of the two
subproblems. The concept of augmented Lagrangian relaxation
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is used to penalize the consistency constraints into local
objective functions and make mismatches between each pair of
the shared variables zero iteratively.

A. SCUC Formulations and Notations

For brevity, we show compact forms of SCUC subproblems.
We have adopted the SCUC formulation presented in Chapters 3
and 4 of [1] except for modeling startup and shutdown indices
and minimum on/off time constraints that are adopted from [27].
s_, s, and s, refer to three consecutive subhorizons. We use
subscript (s_, s) to distinguish coupling variables for modeling
transition between subproblems s_ and s. A coupling variable
indicated by subscript (:,) is a decision variable determined by
the left side subproblem. For instance, m(_g) are coupling
variables m between subproblems s_ and s that are among
decision variables in subproblem s_.

B. Decomposing SCUC

Without loss of generality, we derive equations for two
consecutive subhorizons s_ and s and decompose the SCUC
problem into SCUC subproblems (1) and (2). Assume that the
scheduling time horizon is T. We assign intervals one to n_ to
the SCUC subproblem (SP) of subhorizon s_ (named SP; ).

n_

xg. = argmin > " f(pue ) (1a)
t=1 u
s.t. hs (x.)=0 & g5 (x.)<0 (1b)

witht ={1,...,n_}

where x;_ are variables corresponding to intervals one ton_. hy_
includes power balance constraints under normal and
contingency conditions at intervals {1, ...,n_}, and g, refers to
generations upper and lower bounds, line flow limits, units
ramping up/down restrictions, minimum on/off time restrictions
under normal and contingency conditions, and expressions
coupling power generated by wunits before and after
contingencies. We also assign intervals n_ + 1to T to SF;.

n

x; = argmin Z f @uts L) (2a)
t=n_+1 u
st h(x) =0 & gi(x)<0 (2b)

witht ={n_+1,...,n}

xs are variables corresponding to intervals n_+1 to T.
Subproblems (1) and (2) are smaller than the original centralized
SCUC and hence are computationally less expensive. However,
the solution to (1) and (2) may be physically infeasible as
interdependencies, i.e., temporal constraints, between
subhorizons s_ and s are ignored.

C. Modeling Ramp Limits with Coupling Time Intervals

Generation ramp up and down constraints pertaining to power
generated in the last interval of subhorizon s_ (t = n_) and the
first interval of subhorizon s (t = n_ + 1) link decisions made
in these subhorizons. Decomposing the centralized SCUC into
(1) and (2), as shown in Fig. 1a, does not take into account these
ramp constraints. To enable modeling the boundary ramp



constraints, we represent the whole operation horizon as depicted
in Fig. la. Without loss of generality and to better explain
decomposition with a middle SP, we divide the scheduling
horizon it into three subhorizons s_, s, and s,,.
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Fig. 1. a) Three consecutive subhorizons and b) subhorizons decomposition with
coupling intervals.

As shown in Fig. 1b, the first interval of each subhorizon,
except for subhorizon one, is introduced as a coupling time
interval, indicated by t,, between two consecutive subhorizons.
We duplicated each coupling interval and assign a copy to a
subhorizon to separate the subhorizons. Each copy contains
variables and constraints of the corresponding coupling interval.
The coupling intervals not only facilitate modeling ramp
constraints for transition between subproblems but also allow the
separate solution of subproblems. We found this method more
efficient for time decomposition rather than duplicating variables
that is popular for geographical decompositions. The SP (1) for
subhorizon s_ is now reformulated as:

n_+1
Xs_ = argmin z Zf(Put. Lye) (Ba)
t=1 u
s.t. hs (%.)=0 & g5 (x,.)<0 (3b)

witht ={1,...,n_, n_+1 }

coupling interval

where x, contains variables corresponding to intervals one to
n_ as well as interval n_ + 1 that is interval one of subhorizon
s. The SP (2) for subhorizon s is reformulated by (4). Since
subhorizon s has two neighboring subhorizons, it contains two
coupling intervals, i.e., t = n_ + 1 between SP; and SP;, and
t =n+ 1 between SP; and SP, .

n

xg = argmin )" Fyeluo) (40)
t=n_+1 u
s.t. hi(x) =0 & gs(xs) <0 (4b)
witht={ n_+1 ,n_+2,..,n, n+1 }

N S
coupling interval coupling interval

Power produced by units at coupling intervals n_ + 1 appears in
both SF;_ and SF. Similarly, p,, »41 appears in SP; and SF;, . For
brevity of notations, we name the coupling intervals n_ + 1 and
n+ 1 as t, and add a subscript to power produced by units at
coupling intervals to show the shared information (i.e., coupling
variables) between subproblems. For example, pys, s_s) 1S @
coupling variable between SP;  and SP; that is handled by SP,_,
and Py, (s,s_) 18 a coupling variable between SP;_ and SF; being
handled by SP;. To make the SCUC solutions feasible from the
perspective of the whole operating horizon, we convert each pair
of coupling variables into a consistency constraint as:

Vu,t,=n_+1 (5)
Yu,t, =n+1 (6)

CCs_: Puty(s_,s) — Puty(s,s.) = 0
CCs,s+: Put,(s,sy) ~ Puty(st,s) = 0

and enforce (5) in SP;_ and S and (6) in SP; and SP, .
D. Minimum On/Off Time Limits

The concept of coupling intervals is introduced for modeling
ramping between subproblems; however, they cannot solve
challenges for decomposing minimum on/off time constraints
between subproblems. These constraints must be decomposed
and modeled appropriately to ensure feasibility of the proposed
time decomposition strategy’s solution. Modeling boundary
minimum on/off time constraints is more complex than that
ramping as the number of intervals that connect neighboring
subhorizons depends on minimum on/off time that is different
for different units. That is, two consecutive subhorizons are
coupled through several ending/beginning non-coupling
intervals at the boundary of subhorizons.

The main idea for solving this challenge is to count the
number of on/off times at boundary intervals between
consecutive subproblems and try to reach a consistency between
these numbers iteratively by penalizing their mismatches in local
objective functions. As depicted in Fig. 2, we introduce two sets
of auxiliary variables in each SP that count the number of on/off
times at boundary intervals. These variables are shared between
subproblems to measure inconsistencies between minimum
on/off times of an SP with its neighbors. These variables are only
counters and have no impact on the form of minimum on/off time
constraints. To formulate each SP, the minimum on/off time
constraints for all time intervals, including coupling intervals, are
formulated using models developed in [27], with no
modifications. The counting variables for SP,_, for instance, are:

1. hi(s_s): Remaining minimum on-time of unit u in SP;_ that
should be satisfied in SP;.
2. hzg_ 5 Remaining minimum off-time of unit u in SP,_ that

should be satisfied in SP.

We define several functions to model these counting shared
variables.

Minimum on-time counter for SP;_: Using startup indicator y
[27], in SP;_, we define a vector @55 whose tth element is equal
to the time interval index t if the status of unit u has changed
from off to on in that interval, otherwise zero.

uts. =t X Yur Vu, vt 7

The last interval in which an off to on status change occurs
for unit u is equal to the maximum value of the vector ®I% .
Hence, the number of intervals that unit u have been on in final
intervals of SP;_, i.e., h9F , is:

ho% =n_ — max(cbﬁ?_) +1 Yu (8)

For instance, for a subhorizon with 24 intervals, if the last
interval in which unit u is turned on is 22, maX(CDZ?_) = 22 and
expression (8) returns hgy =24 —22+1=3. Thus, the
number of intervals that SP, wants SP; to keep unit u on is:

w(ss) = max(0, T,2" — h32) vu

€))
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Fig. 2. Block diagram of information sharing for coordinating subproblems.

If h9} is smaller than the minimum on-time, T0™ — h9Y is
positive and SP,_ wants SP; to keep unit u on for at least T2" —
ho% intervals at the beginning of its subhorizon; otherwise SP,
sends zero to SP;. For instance, for a subhorizon with 24
intervals, if hj% =3 and TJ" =5, then hg(s_ o = 2; and if
his =3 and TJ" = 2, then hi(s ) = 0. Also, if T,7™ = 2 and
unit u is turned on at hour 20 and off at hour 23 and was kept off
for the rest of intervals in SP;_, then (7) produces 20, (8) gives 5,
and (9) returns 0.

Minimum on-time counter for SP;: To count the number of
intervals that unit u is on at the beginning of subhorizon s, we
should detect the first interval in which the unit is turned off.
Using shutdown indicator z [27], we define a vector CDZ? whose
tth element is equal to time index t if the status of unit u has
changed from on to off in that interval, otherwise zero.

O =t x 7, Vu, Vit (10)

The first shutdown time of SP; is then the minimum nonzero
element of ®2/7

Fsd = minnonzero(®o vu  (11)

Three possible situations may happen.

1. hy(s_s) calculated by (9) is nonzero, and it is also more

on
u(s—,s)

hours. In this situation, coupling variables between the
two subproblems are the same.
2. hg(s_s is nonzero but SP; prefers to keep unit u on for

beneficial for SP; to keep unit u on for at least h

less than hg(s o hours. In this situation, coupling
variables are different and subproblems must come to a
trade-off about the number of on-hours.
3. hy(s_s) calculated by (9) is zero, and hence SP;_ does not
send any request to SP;.
To cover these possibilities, we determine hy(s ¢ y that must
take the minimum of hy(s ), given from SP;_, and the number of
intervals at the beginning of subhorizon s that unit u is on.

Z?s,s_) = min(hlot?s_,s)'ﬁfsd -1L,MXx Iuto(s,s_)) Yu

(12)

If unit u is on at the first interval of SP;, the number of initial
on-hours at this subhorizon is counted by the first hour at which
a shutdown happens minus one (i.e., Fs¢ —1). The term
M X It (s,s_)> in which a big-M is used, accounts for situations
that unit u is off at the first interval of SP;.

Minimum off-time counter: An analogous strategy as of that
for minimum on-time is used for minimum off-time counters.
InSP, :

hT = n_ — max(®l)) +1 vu  (13)
hﬁ{f_,s) = max(0, T — ot vu  (14)
In SF;:
F¥ = minnonzero(®9% vu (15)
RS = min (hZ{sf_‘s),?;;* —1L,Mx(1- Iuto(s,s,))) Vu(16)

Similar expressions can be used to model the counting
variables between SP; and SP;, and any two consecutive
subproblems. The combination of (7)-(16) provides accurate
counting variables for all possible on/off situations that might
happen for the transition between subproblems.

Hllustrative example: Consider the boundary intervals shown
in Fig. 3. Assume that T,)" = 3, Tiff = 1, and the length of each
SP is 24. We have hi1=24-23+1=2, hjj, =
max(0,3 —2) = 1, F3§ = 6, hj(,,) = min(1,6 — 1,M X 0) =
0, hf=24-21+1=4, hJ[, =max(01-4) =0,

% =3, and hzg_l) =min(0,3 — 1, M x 1) = 0. Note that this

example is not feasible. A detailed tutorial for minimum on/off
modeling is provided in Section V.A.

20 21 22 23 24 12 3 4 5 6
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Fig. 3. An illustrative example for on/off status at boundary intervals.

Consistency constraints: hy(s_ and hy(s s y must reach the
same value to have consistency between the on-counting
variables in SP, and SP,. h%// hot!

u(s-,s) u(s,s-)
the same values for consistency between the off-counting
variables. Otherwise, the obtained solution is not feasible from
the perspective of the whole scheduling horizon. To ensure
consistency between SP, and SP;, we formulate three sets of

consistency constraints and impose them to each subproblem.

and must also reach

Iuto(s_,s) - Iuto(s,s_) =0 Yu, t, =n_ +1

CCS_,S: hﬁ?s—-s) - hl(i](ls,s_) =0 Yu (17)
of f off  _
huts_s) ~ Pugssy = vu
The consistency constraints between SP; and SP;, are:
Luto(ssp) — Tuto(sys) = 0 vu,t,=n+1
CCS,S+: Z?S'SH - hZ?er,s) =0 Yu (18)
off off  _
hu(5‘5+) - hu(s+,s) =0 Yu

Constraints (17) are enforced in SP;, and SP;, and (18) are added
in SP; and SP, .
E. Summary of SCUC Subproblems Formulation

In summary, the SCUC subproblem for each subhorizon s is
formulated by adding (5)-(18) to the optimization problem (4).



Although (7)-(16) model interdependencies between SP; and its
previous subproblem SP; , a set of similar expressions are
required to model interdependencies between SP; and its next
subproblem SP; . For modeling minimum on/off time

constraints, we use models presented in [27] where h9™ and hzf f
are known parameter from initial conditions. However, in our
developed models, hg™ (indicated by hyfs  and hi(s ) and

hoIT (indicated by h®7 | and h%/!

u(s,s-) u(s,s+)
variables that are byproducts of SCUC decision variables. In
addition to regular SCUC input parameters (e.g., network
topology and capacity of units), SP; receives Pye, (s_s)> luty(s_.s)

) are shared decision

hﬁ?s_ys), and hu(s 5 from SP, and Dut,(sy.,5)> Tuty(ses)s hZ?s+,s)s

hfo+,S) from SP;, as inputs, and determines Eg (see (4)),

Puty(s,s-)> Iuto(S,S_)’ Puty(s,sy)> Iuto(s,s+)s Z?S,S_), hzgs_),
(554)> hzg 5,) as outputs.

F. Discussion on Number of Subhorizons

Increasing the number of subhorizons increases the number
of shared variables and consequently the required number of
iterations for coordination algorithms to converge. Hence,
although smaller subproblems take less time to be solved,
increasing the number of subhorizons is not necessarily efficient
for time-saving. There should be a tradeoff between the number
of subhorizons and iterations. Another factor that should be
considered is the power of computational facilities. Although a
computing machine takes less time to solve smaller optimization
problems, further size reduction beyond a certain level may not
yield significant time-saving.

Determining the optimal number of subhorizons is a
challenging, but valuable research question. A possible approach
is to solve a given SCUC problem considering different numbers
of subhorizons and select the one that yields the best time-saving.
We suggest determining the length of subhorizons in a way to be
larger than the largest minimum on/off times of generating units.
Another suggestion is to have subhorizons with a similar size to
take advantage of parallel computing with the least CPUs idle
times. Since the behavior of the problem may change depending
on the loading condition, different numbers of subhorizons may
be more appropriate for different load pattern. The yearly load
can be classified into different groups (e.g., a group for each
season of a year), and a suitable number of subhorizons can be
found for each group using a trial and error approach. We are
working on this research question as future work.

III. CONVERTING MODEL INTO MIP

Closed-form linear models minnonzero, min, and max
functions in (10)-(18) are needed to formulate the problem in the
standard MIP format.

A. Minnonzero Functions

We model the minnonzero function in (11) using a Big-M
value and replace it by:

Fad = min (1 —z,) x M+ @) vu (19)

where z, is a vector containing the shutdown indicator for each
interval t. This constraint assigns the first time index of SP; in

5

which a shutdown happens (i.e., z,; = 1) to F3¢. To model the
minnonzero function for minimum off-time constraint (15), we
replace (15) by (20) to determine the first startup time.

Ft =min((1 —y) XM+ @)  vVu (20)

B. Min Function
We follow the concepts presented in [28] for linearizing min
functions. In SP;, instead of equation (11), we use:
Fe<(-zyxm+o)7) vu @D
The right-hand-side of (21) is a vector and its left-hand-side

is a variable. Therefore, FS¢ is smaller than the minimum value
of the right-hand-side vector. We also replace (12) as follows:

gr(lss ) = hf;(ls ,S) Vu (22)
u(ss ) = Tussd -1 Vu (23)
3.7(155 ) —Mxlut (s,s_) Vu,to=n_+1 (24)

As explained in Section IV, we formulate augmented
Lagrangian penalty functions, whose goal is to vanish
mismatches between coupling variables, in a way for hﬁ?s,s_) to
appear with negative terms in the objective function of SP;. Since
SCUC is a minimization problem, (22)-(24) along with including

u(s,s.) in the objective function result in  hyf ;| taking the
minimum of Al . M X I (s, and Fif — 1. Other min
functions can be converted analogously.

C. Max Function

We follow the concepts presented in [28] for linearizing max
functions. For calculating A% in (8), we introduce an auxiliary
variable HJ" for each unit u to formulate (25)-(26) and use (27)-
(28) instead of (9) for calculating hy(s ).

HO™ > @97 vu, Vt (25)
hO? =n_—H"+1 Yu (26)
Z?S_,S) >0 Yu (27)
o = (T = hi) vu (28)

As explained in Section IV, hy(s ) appears with positive
terms in the objective function of SP; with penalizing
consistency constraints (17) and (18). As explained in [28], this
penalization strategy along with (25)-(28) results in hg(s
taking the maximum of (O,T”" — ho% ) The minimization
problem tries to reduce hy(s_), and (25)-(28) enforce hy(s_) to
be larger than zero and T,°™ — h9% . In addition, HJ" = @37
means that H3™ is larger than or equal to the largest element of
vector @™ Since the objective function tends to minimize and
the penalty term hu(s 5) pertaining to Hy™ appears with positive
terms in the objective function, HS" sticks to the smallest

possible value that is the maximum of vector ®J". Other max
functions can be modeled in a similar manner.

IV. COORDINATION ALGORITHM

We propose an accelerated analytical target casting (A-ATC)
algorithm to coordinate SCUC subproblems. An acceleration
technique and an initialization strategy are proposed to enhance
the convergence performance of ATC.

A. Normal Parallel ATC
Consider SP; and SP; formulated in Section II. For brevity



of equations, we use a vector format to represent shared
on oIS )} for SP,_

{putos_’ Iutos_’ u(s-,s)’ u(s ,S
We use parallel ATC, which is based on augmented Lagranglan
relaxation, to coordinate subproblems [22]. SCUC subproblems
are in level two, and a coordinator is in level one. The actual
shared variables r (called responses in the context of ATC) are
duplicated to create a set of auxiliary variables y (called targets)
for the coordinator and separate subproblems to make them
solvable in parallel [22]. r — y are consistency constraints
between the coordinator and subproblems. Violations of
consistency constraints are penalized in objective functions (3a)
and (4a). The relaxed SP,_ at iteration k is written as:

variables, e.g., 75_s =

n-+1
() =argmin > Fpue e ) 29)
t=1 u
B 2
_ART (X rs_,s) + p”Xk_,sl - rs_,s“
st (3b), (7) — (16)
where x¥ and r¥ ; are decision variables while y¥~1 are known

target variables received from the coordinator. A and p are
Lagrange and penalty multipliers. Superscript t is the transpose
operator. Analogously, SP; is formulated as:

n+1
(xls(' rs,,cs_' 7"s,,€s+) = argmin Z Z f @ues Lue ) (30)
_ART (Xs s_ T Tss_ ) + p”)(s S_ Ts,s_”Z

AISCL(XSS.,. Tss.,.) +p||)(ss+ rs,s.,.”Z
(4b), (7) — (16) & (7) — (16)

N
for transition froms_tos for transition from s to sy

s.t.

The coordinator receives ¥ and solves the following problem
to determine target variables y*.
x* = argmin AT (y — ) + plly — I (31)

For penalty terms with a positive sign for A, Lagrange
multipliers are updated as follows:

A= 271 4 202 (yk — k) (32)

and for penalty terms with a negative sign for A, we have:
A= 2571 4 2p2(rk — xF) (33)
This formulation can be generalized for multiple

subproblems. A and p need to be initialized in acceptable ranges.
If p are selected too large, the convergence speed may increase;
however, it increases the chance of losing optimality [24].
Although selecting small p enhances solution accuracy, the
convergence speed degrades [24]. Knowledge about suitable
ranges for A and p will be gained by solving the problem multiple
times and using historical information obtained from past
implementations of the distributed SCUC.

B. Proposed Accelerated ATC

The convergence performance of ATC might degrade when
more iterations are carried out and the solution becomes close to
the optimal point, or when the optimal point is in a shallow area
(or a ravine). Near the optimal point, the term y* — r* might
become small that leads to updated multipliers in iteration k + 1
that are almost the same as them in iteration k, i.e., A¥*1 = Ak,

This slows the convergence speed.

We present an accelerated ATC based on the technique that
first proposed by Nesterov to accelerate gradient descent
methods [29, 30]. The proposed accelerated ATC utilizes a
prediction type acceleration step. The concept of momentum is
used to prevent the algorithm from deceleration while more
iterations are carried out. After each iteration k, the cumulated
gradient of previous iterations (i.e., momentum) is calculated as
the predicted direction in the next iteration, and a big jump is
made in that direction. Then, the gradient is measured, and a
correction is made to avoid moving forward too fast.

Extrapolation (prediction) -

P T — >

Fig. 4. Prediction and correction procedure.

Accelerated ATC (A-ATC): At iteration k, we predict that to
what point ATC directs coupling variables and Lagrange
multipliers at iteration k + 1. To do so, we add the effects of
momentum in ATC. Consider coupling variable r at two
consecutive iterations, i.e., r*~! and r¥, as shown in Fig. 4. To
predict 7¥*1, we connect a line between points (k — 1,7%71) and
(k,7%). The line equation is:

y =k —rFDx 4+ krk=t — (k — Dr*
By replacing x = k + 1, we predict the next point as:
y=0*—r*Vk+1D+kr*t—(k—1Drk=2rk -7
(35

We reorganize (35) and name y = #¥*1 that is the predicted
r at iteration k + 1.

PR =k 4 (rk —r (36)

The first term is the current r and the second term is the line
slope. We add a coefficient 7 € [0,1] to the slope to have a better
prediction. In the first few iterations of ATC, large oscillations
may be observed, and the jump should not be large, otherwise, it
may cause a large error on #¥*1. Thus, in the first few iterations
1 < 1 to prevent large error and it becomes gradually larger to
enhance the speed. We use the following expressions to increase
n gradually until n = 1 [29, 30].

a =1 & apy=1++1+4a}2)/2 (37)
1

ak -
n= (38)
A1
Since aj, has an increasing trend, n becomes closer to one

over the course of iterations. This leads to a larger ATC step size,
especially when r approaches the optimal point. Near the optimal
point, the slope becomes smaller and does not vary considerably.
By this prediction-correction procedure, the convergence
performance of ATC is enhanced.

A-ATC for SCUC: The penalty term in the objective function
(29) of SP;_ at iteration k is modified as:

pl—1

2
_ART (Xs s —Ts_ s) + PllXs_s rs_,s” (39)
where ys_s and A;_g are replaced by ¥s_s and /TS_,S. The two
penalty terms in the objective function (30) of SP; at iteration k

(34)

k-1

k—l)




are modified by replacing xss_, Xss,. As_s» and Ag s with fg ,
K5y is_‘s, and /TS,S .- The new parameters shown by (*) are
predictions of coordinator variables and Lagrange multipliers.
The predicted values used at iteration k + 1 are calculated based
on the actual shared variables and penalty multipliers obtained at

iterations k and k — 1 as follows:

ey = (1+1+4af)/2 (40)
a,—1
)’(‘k+1 — Xk + (Xk _X(k—l)) (41)
1
Ak+1 /1k —(Ak _ Ak—l) (42)
A+

Convergence analysis of A-ATC is provided in the Appendix.
Implementing A-ATC is similar to the classical ATC with a few
more steps. The proposed A-ATC can be used instead of the
classical ATC to solve various distributed optimization
problems, such as distributed SCUC and optimal power flow

Initialization Strategy: ATC, similar to most distributed
algorithms, is sensitive to initialization. To choose a good-
enough starting point, we take advantage of power system
characteristics and propose a method to initialize coupling
variables. We ignore the coupling intervals and intertemporal
connectivity between subhorizons. That means the coupling
variables between subproblems are disregarded and subproblems
are considered to be completely independent. The SCUC
subproblems are solved once. The achieved results might not be
feasible as the connectivity between subproblems is ignored, but
they are close to the optimal solution as all other SCUC
constraints at most intervals are respected. Hence, this solution
can be used as a good starting point for initializing the distributed
algorithm. Our simulation results illustrate that this initialization
strategy works well for all studied cases.

The pseudocode for the A-ATC-based distributed SCUC is
given in the following Algorithm.

Algorithm Pseudocode for the proposed A-ATC-based distributed SCUC
1: Decompose the considered horizon into multiple subhorizons

2: Ignore the coupling intervals and shared variables

3: Solve SCUC subproblems in parallel

4: Use the obtained results to initialize °

5:

6:

7:

Initialize multipliers A%, p in their acceptable ranges and set k = 0

while |y —r*¥| > ¢, k =k +1do
Solve SCUC subproblems in parallel and determine 7* (outputs of
SCUC subproblems and inputs for the coordinator)

8: Solve the coordinator problem to determine y* (outputs of the
coordinator and inputs for SCUC subproblems)
9: Exchange r* and y* between the coordinator and subproblems

10:  Update A* by (32) or (33)

11: Calculate a4, by (40)

12:  Update #%** and A*** by (41) and (42) (inputs for the coordinator
and SCUC subproblems)

13: end while

V. CASE STUDY

The proposed algorithm is implemented on a 3-bus system,
the IEEE 24-bus system, the IEEE 118-bus system, and a 472-
bus system. All systems information is given in [31]. The
considered scheduling problem includes 72 intervals, each
representing an hour. For most cases, we have observed that
decomposing the consider scheduling horizon into three
subhorizons, each with 24 intervals, will lead to good time-
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saving. Having three subhorizons also shows the situation of
modeling intertemporal constraints for a middle subproblem.
Hence, without loss of generality, we have divided the
scheduling horizon into three subhorizons. In addition, we study
the impact of number of subhorizons on solution performance
using the IEEE 24-bus system. To initialize Lagrange multipliers
and penalty parameters multipliers, we have run multiple cases
with A% and p in the range of 0.01 to 100. For all cases, setting
A% =p =1 for continuous shared variables and p = 3 for
integer shared variables provides good results. All simulations
are carried out using YALMIP toolbox [32] and Gurobi solver
on a PC with 16GB of RAM. The reported times for the
distributed SCUC include the initialization time and time that A-
ATC takes to converge. The following convergence index is used
to measure the relative distance between operation costs
determined by the distributed SCUC, f¢, and benchmark results
obtained by the centralized SCUC, f*:
If*=fel

rel =
f*

(43)

A. 3-Bus System

This small case serves as a tutorial for the proposed algorithm
and to show that the UC results obtained by the proposed
algorithm and the centralized SCUC are the same, not only at the
boundary intervals (shown in Tables I-V) but also at all other
intervals. Two load patterns are considered to analyze all three
possible situations explained in Section II. D.

Casel: The load pattern one is considered. Intervals 1-25, 25-
49, and 49-72 belong, respectively, to subhorizons one, two, and
three. A-ATC, without applying the suggested initialization
strategy, converges after 12 iterations. As shown in Fig. Sa,
consistency constraints (5) and (6) are roughly zero upon
convergence that means power generated by units in coupling
intervals are the same from the perspective of consecutive
subproblems. Table I shows units’ on/off status at the boundary
intervals of SP; and SP, after the first iteration. The same results
are obtained with and without considering on/off time
consistencies since minimum on/off times (i.e., 5 hours) are
already satisfied. Consider the on/off status of unit two. SP;
sends hy(; ,) = 3 to ask SP, to keep unit two on for three more

hours. From the perspective of SP,, this is satisfied as according
to (12) h3(3,1y = 3. This is situation 1 in Section IL.D in which

shared variables corresponding to on/off status of the units are
equal from the first iteration and consistency constraints (17) are
satisfied. Table II shows the units’ on/off status at the boundary
intervals between SP, and SP; after the first iteration. SP, sends
h3(2,3y = 0 to SP; for unit two. On the other hand, according to
(12), h3(3,2) = min{0,2} = 0, which means unit two in SP; stays
on only at the first two intervals. This is situation 3 in Section
I1.D in which consistency constraints (18) are satisfied at the first
iteration. However, the generation in coupling intervals 25 and
49 must be equal to satisfy consistency constraints (5) and (6) for
generation ramp constraints. All consistency constraints are
satisfied upon convergence of the algorithm after 12 iterations.
Figure 5b shows the rel index, and Table III compares cost
obtained by the distributed SCUC and the benchmark cost
determined by the centralized SCUC. Upon convergence, the
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Fig. 5. a) The difference between shared variables in coupling intervals and b)
the rel index for case lof 3-bus system.

TABLEI
UNITS ON/OFF STATUS IN BOUNDARY INTERVALS BETWEEN DAYS ONE AND
TWO AFTER THE FIRST ITERATION (CASE 1)
Subhorizon one Subhorizon two
Hour 20 21 22 23 24 25|25 26 27 28 29 30
Unit 1 1 1 1 1 1 1 1 1 1 1 1 1
Unit 2 0 0 0 1 1 1 1 1 1 1 1 1

TABLEII
UNITS ON/OFF STATUS IN BOUNDARY INTERVALS BETWEEN DAYS TWO AND
THREE AFTER THE FIRST ITERATION (CASE 1)
Subhorizon two Subhorizon three
Hour 44 45 46 47 48 49 |49 50 51 52 53 54
Unit 1 1 1 1 1 1 1 1 1 1 1 1 1
Unit 2 1 1 1 1 1 1 1 1 1 0 0 0

TABLE III
RESULTS FOR 3-BUS SYSTEM (CASES 1) W/WO INITIALIZATION STRATEGY
Algorithm Cost ($) Iteration rel
Centralized 666,709 - -
Distributed A-ATC 668,713 12 0.003
Distributed A-ATC+ initialization 666,709 2+1 ~

TABLE IV
UNITS ON/OFF STATUS IN BOUNDARY INTERVALS BETWEEN DAYS ONE AND
TWO AFTER THE FIRST ITERATION (CASE 2)

Subhorizon one Subhorizon two

Hour 20 21 22 23 24 25|25 26 27 28 29 30

Unit 1 1 1 1 1 1 1 1 1 1 1 1 1

Unit 2 1 1 1 0 0 0 0 0 1 1 1 1

TABLEV
UNITS ON/OFF STATUS IN BOUNDARY INTERVALS BETWEEN DAYS ONE AND
TwoO UPON CONVERGENCE (CASE 2)

Subhorizon one Subhorizon two

Hour 20 21 22 23 24 25 |25 26 27 28 29 30

Unit 1 1 1 1 1 1 1 1 1 1 1 1 1

Unit 2 1 1 1 1 1 1 1 1 1 1 1 1

cost of distributed SCUC is $668,713, and the rel index is 0.003.
For the sake of comparison, we have simulated ATC and A-
ATC. As shown in Fig. 5b, rel obtained by A-ATC is always
less than that obtained by ATC. This means that after a specific
number of iterations, A-ATC provides a more accurate solution
than the normal ATC.

To enhance the distributed SCUC performance, we apply the
suggested initialization strategy and re-run A-ATC. The
algorithm converges after three iterations. The units’ on/off
status and power dispatches are the same as those obtained by
the centralized SCUC. Operation costs obtained by A-ATC is
$666,709 that is equal to the cost determined by the classical
centralized SCUC (i.e., rel = 0).

Case 2: Load pattern two is considered. Table IV shows the
units’ on/off status after the first iteration. According to (14), for

unit two, SP; sends hg{lf 2 = 3 to SP,. But, according to (16),
from the view of SP,, it is optimal to have hg{lf 2 = 2 (situation
2 in Section IL.D). Therefore, if subproblems are solved

separately, h‘z’{lf 5 * h‘z’g 1y and SCUC results are infeasible.

With the stopping criterion of 0.01 MW, A-ATC, without
applying the suggested initialization strategy, converges after 20
iterations. Figure 6 shows the difference between shared
variables and rel over iterations. Table V depicts the units’
on/off status at the boundary intervals upon convergence. The
unit commitment results and power generations are similar to

those obtained by the classical centralized SCUC.
80
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Fig. 6. a) The difference between shared variables in coupling intervals and b)
the rel index for case 2 of the 3-bus system.

TABLE VI
RESULTS FOR THE 3-BUS SYSTEM (CASE 2) W/WO INITIALIZATION STRATEGY
Algorithm Cost ($) Iteration rel
Centralized 817,755 - -
Distributed A-ATC 818,710 20 0.001
Distributed A-ATC+ initialization 817,755 10+1 =0
TABLE VII
RESULTS OF DIFFERENT ALGORITHMS FOR 24-BUS SYSTEM
Algorithm Iteration rel Time (s)
Centralized NCUC - - 17
NCUC with A-ATC + initialization 2+1 =0 2
Centralized SCUC - - 135
SCUC with A-ATC + initialization 3+1 ~ 3e-8 12
TABLE VIII
POWER OF UNITS IN COUPLING INTERVALS (24—BUS SYSTEM)
Unit Hour 25, Hour 25, Hour 49, Hour 49,
No. subhorizon 1 subhorizon 2 subhorizon 2 subhorizon 3
1 184.5 184.5 177.7 177.7
3 153.7 153.7 148.1 148.1
5 184.5 184.5 177.7 177.7
7 162.1 162.1 156.4 156.4
9 204.5 204.5 197.7 197.7
TABLE IX
RESULTS FOR THE IEEE 118-BUS SYSTEM
Algorithm Iteration rel Time (s)
Centralized - 3818
ATC + initialization 4+1 ~e-5 216
A-ATC + initialization 4+1 ~e-6 216

A-ATC is applied with the suggested initialization strategy.
As shown in Table VI, operation cost is $817,755 using
distributed SCUC and the classical centralized SCUC. The
suggested initialization strategy reduces the number of iterations
from 20 to 11 and makes rel = 0.

B. IEEE 24-Bus System

Two cases are studied, network constrained UC (NCUC) with
no contingency and SCUC with ten plausible contingencies. A-
ATC with the initialization strategy is implemented for both
cases. The distributed NCUC converges after three iterations
within two seconds. As depicted in Table VII, costs determined
by distributed and centralized NCUC algorithms are $3,774,232.
The distributed algorithm decreases the solution time by 88%.
Table VIII shows power generated by several sample units in
coupling intervals. The rel becomes zero upon convergence.



For SCUC, ten scenarios for transmission line outage are
considered at each interval. This increases the size of the
problem. The distributed SCUC converges to the same cost as of
that for the centralized SCUC (i.e., $3,833,162) while being 91%
faster. This implies that when the size of the problem increases,
the effectiveness of the distributed SCUC is more prominent.

Number of Subhorizons: We have studied the impact of
number of subhorizons on the solution time. We have
decomposed the scheduling horizon into different numbers of
subhorizons and run the distributed SCUC. Figure 7 shows the
solution time versus the number of subhorizons for the 24-bus
system. It is observed that increasing the number of subhorizons
reduces the solution time; however, decomposition the
scheduling horizons beyond a certain number, which is nine for
this case, increases the solution time. Such a trend is widely
observed in parallel computing approaches. Breaking the
horizon into two and three subhorizons leads to the best time-
saving. Increasing the number of subhorizons beyond three does
not result in significant time-saving.

We have also studied the impact of load on the optimal
number of subhorizons. Several low-load and high-load
scenarios are analyzed. Although we have observed that the load
changes the curve pattern shown in Fig. 7, one pattern, similar to
Fig. 7, is obtained for all load conditions between 70%~100% of
the baseload (Fig. 7 is plotted for the baseload) and another
pattern for load conditions larger than the baseload. Hence, we
conclude that one can categorize the load into low, medium, and
high (e.g., seasonal load), decompose the problem into several
subhorizons for each loading condition, and select the best
number of subhorizons for each loading condition. This is an
efficient approach as a user can use the same number of
subhorizon for many similar load scenarios.

2 4 6 8 10 12
number of subproblems
Fig. 7. Time versus number of subproblems for the IEEE 24-bus system.

TABLE X
RESULTS FOR THE 472-BUS SYSTEM
Algorithm Iteration Cost ($) Time (hour)
Centralized 17,866,016 111
A-ATC + initialization 6+1 17,768,289 14

C. IEEE 118-Bus System

As shown in Table IX, the centralized approach provides a
cost of $4,928,242 after 3818 seconds. The distributed algorithm
converges to a cost of $4,928,268 after five iterations within 216
seconds that is 94% faster than the centralized approach. We also
compare ATC and A-ATC. A-ATC provides a smaller rel index
upon convergence.

To have a better comparison, we stop the centralized approach
when a cost of $4,928,268 (the same as A-ATC) is obtained.
While A-ATC converges after 216 seconds, the centralized
approach takes 2406 seconds. This means that the centralized
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SCUC takes 91% more computation time to converge to the
same solution as the distributed algorithm.

D. A 472-Bus System

The superiority of the proposed algorithm as compared to the
centralized SCUC is more considerable for larger cases. We
combine four IEEE 118-bus systems to build a 472-bus system.
Table X shows the results. We stop the centralized approach after
111 hours, and the achieved cost is $17,866,016. However, the
proposed distributed algorithm converges after seven iterations
to a cost of $17,768,289 within 14 hours.

VI. CONCLUSION

A strategy is proposed to decompose SCUC over the
scheduling time horizon, create several subproblems each for a
subhorizon, and model temporal interdependencies between
subproblems. The proposed strategy is called a temporal
decomposition. The concept of coupling intervals is introduced
to model ramping limitation of generating units between
subproblems. In addition, several counting auxiliary variables
are determined to coordinate minimum on/off times for transition
between consecutive subproblems. An accelerated ATC
algorithm with an initialization strategy is proposed to coordinate
subproblems. The simulation results show that the proposed
algorithm obtains the same SCUC results (i.e., binary variables
for units’ on/off status and power dispatch) as the centralized
SCUC while reducing the computation time considerably. For
instance, for the IEEE 118-bus system, the solution time
decreases by 94%. We have observed that as the size of the
problem increases, the distributed algorithm shows better
performance than the centralized SCUC. The results show the
privilege of A-ATC to ATC and effectiveness of the suggested
initialization strategy to enhance the convergence performance.
For the future work, we will focus on developing methods to find
the best time intervals for decomposing the considered
scheduling horizon and the optimal number of subhorizons.

APPENDIX
In this Appendix, we discuss the convergence of A-ATC.
Consider the following problem:
min Fy () + F,(12)
s.t. n=n
Assume that F; and F, are strongly convex. In the normal
parallel ATC, a coordinator exists to coordinate the two
subproblems. Subproblems one and two send updated r; and 1,
to the coordinator and receive y. Consider the coordinator’s
optimization problem as G () and H(r) = F,(ry) + F,(r,). We
restate the problem (al) as:

(al)

min H(r) + G () (a2)
s.t. xy=r
Then:
r* =argmin H(r) + A(x —r) + p2(x — 1)? (@3)
xT=argminG(y) + A(xT —r) + p2(xT —1)? (ad)
Ar=2A+2p% (xt—1") (a5)

where y* = y**! and r* = r**1. We write the dual conjugate

function of (a2) as:

maxD(A1) = —H*(—A) — G*(A) (ab)



Introducing  AY2 = 1 + 2p%(xy*—r) and AT=1+
2p%(x* —r™), and using optimality conditions, we calculate r*
and ™ as follows:
1
OH(r*) = —AY2 r* = VH* (—/17) @7)
AG(xt) =+, xt =V6r(Ah) (aB)
To calculate the convergence rate of the parallel ATC, the
relation between (1*) — D(A*) and A should be determined.
According to (a6):
D) = D(A*) = —H*(=2%) — G*(X°) + H*(=1%)
+6' (1Y) (a9)
We rewrite the term H*(1*)—H*(—A%) in (a9) as follows:
H*(A)—H"(=2") = H* (1)
—H (—A%) +H (—,1%)
—H*(=2%)
After some calculations and using convex properties:
HY () =H*(—2") = (" — 1%) (VH* (-z%)) - 2—;2 A+ =D @11)
Similarly, for the term G*(1*)—G*(—A") in (a9):
G*(A)—G*(-2") = (1 — AN (V6" (aM))
By incorporating (a10) and (all) into (a9), we then have:
1 1
DY) — DY) = - Q=DA -1+ 2 1At =212 (a13)

(al0)

(a12)

To convert (a3)- (a5) to the accelerated ATC, we replace 1 =
At and y = ¢+,
1, . A 1 A

D(A*) -D() = p (A=-2)(ar=27) + % |4+ = 2| (a14)
Using the telescopic summation and after some simplifications:
2| 4, - 2
p*(k + 2)?
This proves the convergence of A-ATC whose convergence rate
is 0(1/k?).

D) — D) < (al5)
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