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Distributed Security-Constrained Unit Commitment
for Large-Scale Power Systems

Amin Kargarian, Student Member, IEEE, Yong Fu, Senior Member, IEEE, and Zuyi Li, Senior Member, IEEE

Abstract—Independent system operators (ISOs) of electricity
markets solve the security-constrained unit commitment (SCUC)
problem to plan a secure and economic generation schedule. How-
ever, as the size of power systems increases, the current centralized
SCUC algorithm could face critical challenges ranging from
modeling accuracy to calculation complexity. This paper presents
a distributed SCUC (D-SCUC) algorithm to accelerate the gener-
ation scheduling of large-scale power systems. In this algorithm,
a power system is decomposed into several scalable zones which
are interconnected through tie lines. Each zone solves its own
SCUC problem and a parallel calculation method is proposed to
coordinate individual D-SCUC problems. Several power systems
are studied to show the effectiveness of the proposed algorithm.
Index Terms—Distributed solution algorithm, electricity

market, security-constrained unit commitment.

NOMENCLATURE

A. Indices, Sets and Parameters
Index for generating units.
Index for zones.
Index for time periods.
Index for iterations.
Number of generating units in zone .
Number of periods under study.
Number of zones.
Penalty function to relax consistency constraints.
Operating cost of unit located in zone .
Startup/shutdown cost of unit at time .
Set of neighboring zones of zone .
Set of shared connections of zone .
Reactance of line connecting buses and .
Load vector.
Bus-load incidence matrix.
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Bus-branch incidence matrix.
Bus-unit incidence matrix.
Line reactance matrix.

B. Variables
Voltage magnitude of bus .
Voltage angle of bus .
Voltage angle of bus as a bus of a shared
connection, sending from zone toward zone .
Voltage angle of bus as a bus of a virtual shared
connection, sending from the virtual zone
toward zone .
Known value of angle of bus in local SCUC
for zone , sending from zone toward zone .
Generation vector.
Line power flow vector.
Control and state variables of zone .
Local variables of zone , subvector of .
Shared variables between zones and .
Power output vector of the units located in zone
.
Unit status vector of the units located in zone .
Voltage angle vector.
Multipliers of penalty function in iteration ,
modeling consistency-constraint between zones
and .

Vector of shared variables sending from zone
toward zone .

I. INTRODUCTION

I N restructured power systems, independent system oper-
ators (ISOs) utilize security-constrained unit commitment

(SCUC) to clear the day-ahead and real-time markets. In gen-
eral, the SCUC is a constrained optimization problem that mini-
mizes the system operating cost including units' generation and
startup/shutdown costs. The constraints include unit commit-
ment constraints and transmission network security constraints
[1]. As SCUC is a key decision-making tool for power systems
operation, careful attention has to be paid to its solution speed
and performance, especially for large-scale power systems.
Various mathematical programming methods have been

applied to solve the SCUC problem. Among those methods,
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Lagrangian relaxation (LR) [2]–[6] and mixed integer program-
ming (MIP) [7]–[9] are the most widely applied and successful
optimization techniques to solve the SCUC problem. The LR
and MIP have their own advantages and disadvantages to
solve SCUC problem, especially for large-scale power sys-
tems [10]–[12]. Adding more constraints into the LR method
requires extra efforts to the solution algorithm due to newly
added Lagrangian multipliers. For large-scale power systems,
the LR method may include a large number of multipliers
that could render the SCUC problem more difficult and even
impossible to get a converged result. The MIP method does not
require special consideration when adding more constraints,
and mathematically speaking, the MIP method could guarantee
a solution that is globally optimal or one within a pre-specified
optimality gap. On the other hand, memory demand and CPU
time of the LR solution increase almost linearly with the size
of SCUC problem defined by the number of units and hours.
In comparison, memory demand and CPU time of the MIP
solution generally increase exponentially with the size of the
SCUC problem to store nodes in the branch-and-bound tree
and to do branching and bounding.
Various techniques, assumptions and heuristics could be im-

plemented to improve and accelerate the solution procedure of
the large-scale SCUC problems [13]–[15]. As one of the main
challenges of the large-scale SCUC problem comes from the
size of the optimization problem, the solution procedure would
be effectively improved if we could reduce the number of deci-
sion variables and constraints. According to this idea, decentral-
ized/distributed algorithms have been applied to solve the op-
timal power flow (OPF) problem [16]–[23]. Reference [21] ad-
dressed a distributed method to solve OPF in large-scale power
systems. This method uses auxiliary problem principle (APP)
technique to solve the problem. A decentralized LR-based algo-
rithmwas presented in [22] to solve themulti-area OPF in which
each line interconnecting the areas are modeled by fictitious
buses. A decentralized solution of the DC-OPF was presented
in [23] which used the price of electricity exchange between the
areas to coordinate the areas and find the global OPF solution.
A decentralized unit scheduling algorithm was presented in [24]
and [25] for multi-area power systems using APP algorithm, in
which a two-stage stochastic programing model was addressed
to consider cross-border trading in the presence of wind power
uncertainty.
In this paper, a distributed SCUC (D-SCUC) algorithm is

proposed for large-scale power systems by incorporating the
advantages of both LR method (e.g., decomposition and scal-
ability) and MIP method (e.g., easiness to include additional
constraints and optimality). The proposed D-SCUC algorithm is
faster than conventional centralized SCUC and hence it accel-
erates the generation scheduling process in large-scale power
systems. The basic idea of the D-SCUC is to reduce the size
of the optimization problem to be solved by decomposing the
system into several zones and applying the analytical target cas-
cading (ATC) technique for solution [26]. Each zone, which in-
cludes a portion of the generators, loads and network elements,
is connected to other zones through tie-lines. A local SCUC sub-
problem is formulated for each zone with local decision vari-
ables of the zone and shared decision variables between that
zone and its neighboring zones. Introducing a set of auxiliary

variables, the subproblems associated to the zones are implicitly
disconnected from each other, and a master problem is formu-
lated to coordinate the shared variables between the subprob-
lems. Each subproblem sends the optimal values of its shared
variables to the master problem that further minimizes the in-
teraction errors among shared variables and sends the updated
values of shared variables back to individual subproblems. As
there is no direct link between the subproblems, they can be
solved in a parallel manner which improves the efficiency of
solution procedure. In fact, the proposed algorithm is an itera-
tive process based on the analytical target cascading technique
in which there are a coordination level (master problem) and a
local scheduling level (subproblems).
The contributions of this paper in terms of the proposed tie-

line model, solution algorithm, and computational efficiency are
summarized as follows:
• Different from the existing tie-line model that introduces
two fictitious/dummy buses in the middle of the tie-line
to create the interactions between zones, our method
models the angles of both terminal buses (sending-side
and receiving-side buses) of a tie-line connecting two
zones together as shared variables. Both zones regard
the angles of these two terminal buses as the decision
variables, which are updated by each zone and then sent
to the master problem for coordination.

• The main idea of the proposed D-SCUC solution comes
from the analytical target cascading (ATC) method for the
optimization of hierarchical and multilevel systems. Dif-
ferent from other augmented Lagrangian relaxation based
decomposition methods like auxiliary problem principle
(APP) and alternating direction method of multipliers
(ADMM), the proposed ATC method provides certain
flexibilities on the coordination of problems (especially
at different levels) and the selection of penalty functions
(e.g., quadratic and exponential functions).

• By introducing a virtual zone and auxiliary variables,
we formulate a master problem in order to coordinate
and parallelize the solutions of the subproblems. Using
this strategy, the subproblems cab be solved in a par-
allel manner, instead of a sequential manner. In addition,
since there are two solution levels in the studied parallel
calculation (a master problem in the coordination level
and subproblems in the local scheduling level), the sub-
problems only need to communicate with the system in
the coordination level which is the master problem. We
propose that the master problem can be run on a separate
processor for the coordination; alternatively, one of the
processors that run the subproblems can take this task to
coordinate the shared variables between all subproblems.
Because there is no need for a zone to directly com-
municate with its neighboring zones, it is reducing the
communication requirements between the systems, and
consequently improves the computational efficiency.

The rest of this paper is organized as follows. In Section II, a
general SCUC problem is decomposed into several local SCUC
subproblems, and in Section III, a parallel solution algorithm is
proposed to solve the distributed SCUC. Several small and large
systems are studied and analyzed in Section IV. Concluding re-
marks are provided in Section V.
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II. DISTRIBUTED SCUC METHODOLOGY AND ALGORITHM

The SCUC problem of a large-scale power system usually
includes a huge number of integer and continuous variables,
which makes it very complicated and time consuming to find the
optimal solution. In this paper, in order to solve the large-scale
SCUC problem, the entire system is divided into several small
zones, and a local SCUC problem is formulated for each zone
according to characteristics of the network, generators and loads
located in that zone. As a result, the main centralized SCUC
(C-SCUC) problem is decomposed into several scalable SCUC
subproblems. If there is no connection between the zones, each
of them can apply the existing SCUC algorithms to find the
hourly generation schedule of its own generating units. How-
ever, when the zones are indeed interconnected through tie-
lines, the local SCUC problems are mathematically linked to-
gether through shared variables, and the optimal operating point
of one would affect the operating point of those of the others. In
the following subsections, a distributed optimization algorithms
is presented, which is based on the concept of analytical target
cascading technique, in order to coordinate the shared variables
between the local SCUC problems and to find a feasible and op-
timal operating point for the entire large-scale power system.

A. General Description of the ATC Method

The main idea of the proposed distributed algorithm comes
from the ATC method for the optimization of hierarchical
and multilevel systems [26]. The general concept of the ATC
method is similar to those of the auxiliary problem principle
method (APP) and the alternating direction method of mul-
tipliers (ADMM). In APP and ADMM, we first apply the
duality concept and introduce the penalty functions, and then
decompose the original optimization problem into several sub-
problems. However, in the ATCmethod, we first decompose the
entire system into several subsystems. Considering the shared
variables between the subsystems and applying the concept of
parents and children in the ATC, we could put the parents and
children in different levels in a hierarchy order in which the
parents are linked to their own children. To model the shared
variable between the parents and children, a consistency con-
straint is formulated for each shared variable and then relaxed
as a penalty function in the optimization problem of each sub-
system (parents and children). After solving each optimization
of the subsystem, we update the shared variables between that
subsystem and other subsystems (parents or children). This is
an iterative process until the optimal result for the entire system
is obtained. In the ATC technique, we might have more options
on penalty functions, such as quadratic function, exponential
function and others, instead of the augmented Lagrangian
function [27].

B. Distributed Security-Constrained Unit Commitment

Assume that a large-scale power system is divided into
small zones. The generic formula (1) represents a local SCUC
problem for zone , where the objective function is to minimize

the total generation and startup/shutdown costs of generating
units located in this zone over the studied time horizon:

(1)

where variables , , and are sets of power outputs (con-
tinuous variables), bus angles (continuous variables), and gen-
erating units status (binary variables) associated with zone at
different time periods, respectively. and are inequality and
equality constraints associated with zone including the pre-
vailing generation and network constraints.
Introduce , , and as the local variables exclusively

for zone , and as the shared variables between zone and
other zones. Then, the local SCUC problem of zone (1) can be
rewritten as (2):

(2)

Because of the shared variables , problem (2) of zone
cannot be solved separately from other zones. In order to make
problem (2) independently solvable, two different sets of vari-
ables are introduced here to model the shared variables between
the zones and formulate the independent SCUC for each zone.
Assume zone is connected to another zone denoted by . The
first set of variables, , is called target variable which is a
vector of the shared variables sending from zone toward zone
at time . The second set of variables, , is called response

variable which is a vector of the shared variables received by
zone from zone at time . In order to satisfy the feasibility of
the operating point for the entire system, the consistency con-
straint (3) is introduced according to the target and response
variables:

(3)

Constraint (3) should be taken into consideration in the local
SCUC problem (2). Using a separable penalty function, we can
relax (3) into the objective of (2). Then, the local SCUC problem
(2) of zone is modified as follows:

(4)

Note that zone might be linked to more than one zone. Thus,
index in (4) can represent all the zones that have shared vari-
ables with zone . Also, the number of the penalty functions de-
pends to the shared variables between zone and other zones.
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Fig. 1. Modeling shared variables between zones and .

For example, if zone has one shared variable with one zone,
and two shared variables with another zone in one hour, there
are penalty functions in the optimization problem (4).
A second-order function called augmented Lagrangian is ap-

plied to model the penalty function in (4). Accordingly, the
objective function in (4) is rewritten as follows:

(5)
where the symbol represents the Hadamard product: an entry-
wise multiplication of two vectors, and are the penalty
multipliers associated with linear and quadratic terms, respec-
tively. The penalty multipliers will be updated during the itera-
tive solution process as discussed in Section III-C.

C. Modeling Target and Response Variables
The target and response shared variables for the proposed

SCUC problem come from the tie-lines connecting individual
zones. Consider Fig. 1(a) in which the power system is divided
into two zones and that are connected through the tie-line
between buses and . Buses and , and the linking tie-line
are modeled together as a shared connection, labeled as ,
between these two zones. This shared connection is taken into
account in the local SCUC problems of both zones as shown in
Fig. 1(b). In the proposed distributed optimization algorithm,
the state variables influencing the power
transferred through the linking tie line are defined as the shared
variables between these two zones. Considering voltage mag-
nitudes and angles, rather than pseudo power injection/with-
drawal at boundary buses, as shared variables can also avoid
the loop flow problem in the meshed network during the solu-
tion process.
As the DC power flow is considered in the SCUC problem in

general, the voltage magnitudes of the buses are sup-
posed to be one p.u. and are ignored in the optimization model.

Therefore, the final shared variables are the voltage angles of
the buses only. Considering these shared variables,
the objective function of the local SCUC problem of zone ,
(5), can be rewritten by (6):

(6)

In the penalty function of (6), the target variables and
need to be determined, but the values of response variables
and are received from other zones .

D. Constraints for Local SCUCs
The local SCUC constraints can be modeled by using theMIP

model which includes regular generating unit constraints such
as generation capacity, ramping up/down limits, and minimum
ON/OFF time limits [9], the nodal power balance, network secu-
rity constraints, and as well as the capacity limits of the tie-lines.
Note that since the entire power system is decomposed into dif-
ferent separated zones, the shift factor method, which depends
on the selection of reference/slack bus, is no longer valid for
modeling and evaluating the network of each zone. If there is
no connection between zones and in Fig. 1, the nodal power
balance and network security constraints (7)–(9) at time in both
local SCUCs and are as follows:

(7)
(8)
(9)

However, suppose that in Fig. 1, the power is transferred from
zone toward zone . For zone shown in Fig. 1(c), the amount
of pseudo power injection to (or withdrawal from) bus depends
on the angles of boundary buses and . We can regard this
injection as a pseudo generating unit which is defined by (10),
and then set the corresponding element of the bus-unit incident
matrix in (7) equal to one. Capacity limits of the tie-lines can
be modeled as the generation upper/lower bound of this pseudo
generating unit (11):

(10)

(11)

Accordingly, similar nodal power balance and network secu-
rity constraints can be applied to zone with a pseudo power in-
jection to bus at time . One-binary variable model presented
in [9] has been used to formulate the local SCUC problem of
each zone, however, the proposed distributed algorithm is gen-
eral in which a three-binary variables model [28] can be also
used for the local SCUC formulation.
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III. PARALLEL SOLUTION ALGORITHM

In order to find the optimal operating point of the entire power
system, an efficient algorithm has to be designed to solve the
local SCUC problems and to find the feasible and optimal values
for the shared variables between the zones. In the following sub-
sections, we first introduce a sequential solution procedure, and
then propose a parallel solution algorithm.

A. Sequential Solution Procedure

As a general approach, a sequential solution procedure can
be applied to solve the proposed D-SCUC problem. The main
steps of this procedure are listed as follows,
Step 1) Choose initial values for shared variables and penalty

multipliers.
Step 2) Solve the local SCUCs for each zone , (6), and up-

date the values of shared variables sending from
zone to other zones.

Step 3) Check the convergence criteria. If they are not sat-
isfied, update the penalty multipliers and return to
Step 2; otherwise stop.

In the above sequential procedure, the local SCUC of each
zone needs to communicate with its immediate neighbors to ex-
change the values of shared variables. The results of the local
SCUCs in each iteration depend on the shared variables received
from neighboring zones. Note that while the local SCUC of zone
is being solved, other local SCUCs should stay idle. In ad-

dition, the SCUC of each zone uses the latest information re-
ceived from other zones for updating its own shared variables
with others. The sequential procedure has the issue of high com-
putational burden as the local SCUC problems are solved in a
sequential manner.

B. Proposed Parallel Solution Algorithm

Solving the local SCUCs in a parallel manner would reduce
the computational burden significantly. The basic idea of the
proposed parallel solution algorithm is to introduce a virtual
zone into the system as shown in Fig. 2(a). The virtual zone
is located between actual zones and and functions as a node
which receives the power from zone and transmits that to-
ward zone , or vice versa. There are no physical components,
nor energy loss, generation or consumption in this virtual zone.
This virtual zone can play the role of an independent entity su-
pervising and coordinating the power exchange between the ac-
tual zones and through the tie-line. With this virtual zone,
we can virtually disconnect the zones and from each other.
Now, since there is no connection between zones and , their
own local SCUC problems can be independently solved with
no need to exchange any information between each other. They
only need to communicate with the virtual zone.
To mathematically formulate the above procedure, the op-

timization problem of each actual zone is modeled as a sub-
problem, and a master problem is designed for the optimiza-
tion of the virtual zone. As the actual zones are not connected
together and only are linked to the virtual zone, the subprob-
lems are connected to the master problem as shown in Fig. 2(b),
and there are no connections between the subproblems. and

are the shared variables between the virtual zone and zones

Fig. 2. (a) Using virtual zone to disconnect the actual zones and (b) to paral-
lelize the subproblems and .

and , respectively, sending from the actual zones toward the
virtual zone. In fact, these two sets of variables represent the
actual shared variables linking zones and . and are
two sets of auxiliary virtual variables to model virtual shared
connections between actual zones and and the virtual zone.
These two sets of virtual variables indicated with are du-
plications of the shared variables (e.g., voltage angles) between
zones and .
Using the penalty function presented in Section II, the objec-

tive function of subproblem is as follows:

(12)

The objective function of the master problem is formulated
as (13) which plays the role of a coordinator to minimize the in-
teraction errors between the subproblems. It receives the shared
angles between zones and from both of these zones and coor-
dinates them together and send these variables back to the zones:

(13)

In order to find the feasible operating point for the entire power
system, (14) and (15) should be satisfied in the master problem.
These constraints guarantee that the virtual zone only functions
as a node with no power generation or consumption, and the
power transferred from actual zones toward virtual zone is the
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Fig. 3. Parallelizing the distributed multi-zone SCUC.

same as the power transferred from virtual zone toward actual
zone :

(14)
(15)

Fig. 3 illustrates the above parallelizing procedure extended
for a power systemwith multiple zones. The subproblem of each
zone is similar to (12), and is from 1 to in the master
problem of virtual zone.

C. Parallel Solution Algorithm
The following algorithm shown in Fig. 4 is presented to solve

the proposed D-SCUC problem in a parallel manner.
Step 1) Set the iteration index , and choose initial

values for virtual shared variables, and
; and penalty multipliers , ,
, and .

Step 2) In a parallel manner, solve the SCUC subproblem
with and as the variables

given the values of and received from
master problem in the previous iteration.

Step 3) Solve the master problem with and as
variables given the values of and ob-
tained in Step 2.

Step 4) Check the following necessary-consistency (16),
(17), and sufficient (18) stopping criteria. If they
are not satisfied, go to Step 5; otherwise, the con-
verged optimal result is obtained and the solution
procedure stops.
Necessary-consistency condition:

(16)

(17)

Sufficient condition:

(18)

Step 5) Set and update the values of multipliers
, , , and using (19)–(22),

[26], and go to Step 2:

(19)

(20)

(21)

(22)

Fig. 4. Flowchart of the parallel solution procedure.

where the coefficient should be no smaller than
one in order to get a converged solution. The
combination of updating process formulated by
(19)–(22) and the augmented Lagrangian penalty
function is usually named as the method of multi-
pliers [26], which has been proven to converge to
the optimal solution of the original optimization
problem when the problem is convex [29]. How-
ever, for a nonconvex optimization problem, the
non-convexity can be mitigated by the augmented
Lagrangian method in which quadratic penalty
terms as a local convexifier [26] are added to the
objective function to improve the convexity of
the problem. The convergence and optimality of
the proposed method applied to the studied SCUC
problem are demonstrated in the following case
studies section.

IV. CASE STUDIES
In order to show the effectiveness of the proposed D-SCUC

algorithm, several cases are studied including a 6-bus system,
the modified IEEE 48-bus and IEEE 118-bus testing systems,
and a 4672-bus system. All cases utilize ILOG CPLEX 12.4's
MIQP solver on a 3.4-GHZ personal computer. They can also
be solved by using MILP solver after piecewise linearizing the
quadratic terms of both subproblems (12) and master problem
(13) [30].

A. A 6-Bus Power System
To help understand and follow the proposed D-SCUC parallel

algorithm, a small 6-bus test system shown in Fig. 5 is studied.
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Fig. 5. A 6-bus test system.

TABLE I
GENERATORS DATA

TABLE II
LOADS DATA

This system includes 3 generating units, 3 loads, and 7 lines.
The generators and loads data are given in Tables I and II, re-
spectively. The startup/shutdown costs of generating unit are
ignored in this case. We simply assume that all the lines have
the same reactance value of 0.5 p.u. and capacity value of 100
MW. The base value of the system is 100MW and the reference
bus is Bus 2. In order to focus on the discussion on the coordi-
nation between the master problem and subproblems, this study
only considers basic SCUC constraints (e.g., nodal power bal-
ance and line capacity constraints), and illustrates a single-hour
operation.
The system is divided into two zones 1 and 2, each of which

has 3 buses. One tie-line B3–B6 connects these two zones to-
gether. Accordingly, the voltage angles of buses B3 and B6 are
defined as two shared variables between the SCUC subprob-
lems of zones. The initial values and ,
which are the voltage angle of buses B3 and B6

sending from the master to the subproblems
1 and 2, are set to zero; the initial value for penalty multipliers

; and the
coefficient ; and the convergence thresholds and are
0.004 and 0.001, respectively.
Considering the voltage angle of buses B3 and B6, zones 1

and 2 solve their own SCUC subproblems in a parallel manner,
and each sends two shared variables value ( , ,

, and ) to the master problem. The detailed for-
mulations in the first iteration used by the zones 1 and 2 are
listed as follows:

Subproblem 1 by zone 1:

Subproblem 2 by zone 2:

After running the subproblems 1 and 2, the values of the
shared variables , , , and are
0.1040, 0.1401, 0.2550, and 0.2450 in radian, respectively.

Then, they are sent to the following master problem in which
the corresponding 4 decision variables are used to coordinate
the shared variables between zones 1 and 2. These four shared
variables are voltage angles of buses B3 and B6 sending
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TABLE III
ITERATIVE RESULTS OF 6-BUS TEST SYSTEM

from master problem to subproblem 1 (
and ), and voltage angles of buses B3
and B6 sending from the master problem to subproblem 2
( and ):

Solving the above master problem which minimizes the inter-
action errors between the subproblems, the values of ,

, , and are 0.0705, 0.0575, 0.0705,
and 0.0575 in radian, respectively. Since the stopping criteria
(16)–(18) are not met after the first iteration, this iterative solu-
tion process will continue until the converged result is obtained
after 15 iterations. Table III lists the detailed results for each
iteration, including the total objective value, the generation out-
puts, and the shared variables values in the subproblems and
master problem. Finally, to mitigate the congestion on tie-line
B3-B6 and optimally supply the power to the loads and, gener-
ating units 1–3 need to produce 110 MW, 100 MW, and 20 MW,
respectively. The total operating cost of the system (the sum-
mation of objectives of subproblems and master) is $7250.36,

which is very close to the conventional centralized SCUC solu-
tion ($7247).

B. Modified IEEE48-Bus Power System
A modified IEEE 48-bus test system consisting of 20 gen-

erators, 71 branches, and 34 demand sides is studied [31]. The
system is divided into two areas each of which has 24 buses,
10 generating units, 34 branches, and 17 loads. We indicate
the elements of zone one by prefix 1, and prefix 2 for zone
two. For example, bus 107 means bus 7 of area 1; and bus 215
means bus 15 of area 2. These two zones are linked together
through three tie-lines. The tie-lines 1–3 connect buses 107 to
203, 113 to 215, and 123 to 217, respectively. Accordingly, the
voltage angles of buses 107, 113, 123, 203, 215, and 217 are
six shared variables between the SCUC subproblems of zones
one and two. The initial values and are set to zero,

( , 2 and
), and the coefficient , and the convergence

thresholds and . Considering these
six shared variables in the optimization problem of each zone,
zones one and two solve their own SCUC subproblems in a par-
allel manner, and each of which sends a set of six variables to
the master problem. Therefore, the master problem solves an
optimization problem with twelve variables in order to coordi-
nates the shared variables between zones one and two. The pro-
posed D-SCUC algorithm converges after 13 iterations. As an
example, for operating hour one, the value of shared variables
between the subproblems and the master problem in each iter-
ation are shown in Fig. 6. In all six figures, the value of shared
variables in subproblems one and two, and the master problem
are almost the same at iteration 13 in which the algorithm con-
verges. Note that, for example, one of the tie-line linking the
areas together is connected to bus 107 of area 1 and bus 203
of area 2. Both areas 1 and 2 need to solve the angles of buses
107 and 203. Thus, both subproblems 1 and 2 include angles
of buses 107 and 203 as the shared variables, and in each iter-
ation they provide new values for these two variables. On the
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Fig. 6. Shared variables between subproblems andmaster problem in hour one,
angle of buses (a) 107, (b) 113, (c) 123, (d) 203, (e) 215, and (f) 217.

other hand, the master problem also solves the value of these
two shared variables to minimize the interaction error among

TABLE IV
ON/OFF STATES OF THE UNITS FOR 48-BUS SYSTEM

TABLE V
COMPARISON OF C-SCUC AND D-SCUC FOR THE 48-BUS SYSTEM

the areas. Therefore, for each variable such as the angle of bus
107, there are three values, one from subproblem 1, one from
subproblem 2, and one from the master problem. In order to
reach the feasible solution, (for example for angle of bus 107),
all of these three values, which in fact has the same physical
meaning, need to converge to the same one.
Table IV shows the hourly ON/OFF states of the units which

are the same as the unit commitment schedule obtained from
the conventional C-SCUC model. Table V summarizes the
comparison of total calculation time and operating cost of both
C-SCUC and the proposed D-SCUC algorithm. The C-SCUC
takes 2 second to obtain the optimal results with an operating
cost of $766 400, and the D-SCUC results an operating cost of
$766 490 after about 8 seconds. The operating cost of both al-
gorithms are almost the same, which shows that the distributed
algorithm can converge to the optimal solution. However,
since the testing system is small, the centralized algorithm
outperforms the distributed algorithm.
Fig. 7 shows the total calculation time of subproblems one

(SP1) and two (SP2), and the master problem (MP), in each
iteration. The total calculation time of SP1 and SP2 are 7 and
8 s, respectively, which are close to each other. Since the master
problem has less number of variables and constraints compared
with the two subproblems, its total calculation time is around
1 second, which is less than that for SP1 and SP2. Thus, the
majority of the total calculation time of the D-SCUC is spent on
the subproblems.

C. Modified IEEE118-Bus Power System
A modified IEEE 118-bus test system is used in this case

study. The system has 54 generating units, 186 branches, and
91 demand sides [32]. The following four cases are studied:
Case 1) the system is divided into three zones;
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Fig. 7. Detail of calculation time for IEEE 48-bus system.

TABLE VI
COMPARISON OF C-SCUC AND D-SCUC WITH THREE AND FOUR ZONES

Case 2) the system is divided into four zones;
Case 3) the system is divided into five to eight zones;
Case 4) sequential solution process of Case 2.
Case 1: The testing system with three zones is illustrated in

[32]. Zone one is connected to zone two through 7 tie-lines,
and there are 4 tie-lines linking zones two and three. The first
zone includes 42 buses, 19 units, 57 branches, and 30 loads; the
second zone has 48 buses, 20 units, 75 branches, and 37 loads;
and the third zone consists of 28 buses, 15 units, 43 branches,
and 24 loads. According to the network characteristics, a local
SCUC is formulated for each zone, and the master problem is
designed to coordinate power flows on the tie-lines intercon-
necting the zones. Using the initial values

( , and ) and the
coefficient , the proposed D-SCUC algorithm is tested.
The D-SCUC algorithm converges after 6 iterations. The total
operating cost and calculation time of the D-SCUC algorithm
are summarized in Table VI. In order to compare both central-
ized and distributed SCUC algorithms, the total operating cost
and calculation time of the C-SCUC are also depicted in this
table. The operating cost of C-SCUC is $1 339 000 which is
obtained after about 66 s. Using the D-SCUC algorithm, after
around 98 s, the algorithm converges to an optimal solution of
$1 342 900. The D-SCUC obtains the total operating cost very
close to C-SCUC although it takes more time to solve the entire
SCUC problem.
Fig. 8 shows the detail of the calculation time of each sub-

problem and the master problem. The calculation time of sub-
problem two is much higher than that of the other two subprob-
lems, constituting the main portion of the total calculation time
of the D-SCUC algorithm. That is because the second zone is
larger in size and has more number of local and shared variables
compared with the other two zones. Again, the master problem
has very few number of variables and constraints compared with
the subproblems, and therefore its calculation time is negligible
in this testing.

Fig. 8. Detail of calculation time of Case 1.

Fig. 9. Detail of calculation time of Case 2.

Case 2: According to the above discussions on Case 1, we
realize that a further decomposition of the second zone might
improve the performance of the entire D-SCUC algorithm. In
this case, in order to reduce the computational burden of the
second subproblem, zone two of Case 1 is further separated
into two zones, zones 2/A and 2/B. Thus, there are four SCUC
subproblems and a master problem coordinating these subprob-
lems. Using the same initial values as Case 1, the D-SCUC algo-
rithm converges after 9 iterations, and as shown in Table VI, the
total operating cost of $1 344 000 is obtained within 22 s. Com-
pared with the results in Case 1, the D-SCUC with four zones is
more efficient, which provides the optimal solution within less
calculation time, 22 s. The detail of the calculation time of the
subproblems and the master problem are depicted in Fig. 9. Un-
like Case 1, there is no big difference between the calculation
times of the subproblems in this case. The total calculation time
for subproblems 2/A and 2/B is 20 s, which is much less than
97 s for subproblem 2 in Case 1. Consequently, it has reduced
the total calculation time of the D-SCUC.
From this case, we notice that when there is a big differ-

ence of number of decision variables and constraints among
zones, the calculation efforts on the subproblems are not bal-
anced. Having “similar” zones with almost the same calcula-
tion efforts on their associated subproblems will improve the
efficiency of the parallel algorithm. In general, we can select
the zones from physical and mathematical perspectives. From
the physical network's perspective, the zones are suggested to
have similar number of branches, buses and generating units;
and from mathematical point of view, it is more efficient to
have similar number of decision variables and constraints in
each zone. The user may select the suitable zones in which each
subproblem is scalable and tractable, and the calculation efforts
among subproblems are well balanced. We do believe that the
above strategies are very general and the performance may vary
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from one case to another, and that a better solution to this issue
should be further studied.
Case 3: In this case, the system is further divided into five to

eight zones, and the impact of increasing number of zones on
the performance of the proposed parallel algorithm are studied.
Using the same initial values as Case 1, the proposed D-SCUC
algorithm is implemented. Table VII summarizes the number of
iterations and total calculation time of the proposed algorithm
versus the number of zones.
In the case with one zone, the centralized SCUC is solved.

Decomposing the system into three zone increases the simula-
tion time since there are unbalanced calculation efforts on the
three zones. Increasing the number of zones into four zones
results in having more balanced calculation efforts on the
three zones and it consequently improves the efficiency of the
D-SCUC algorithm. Further decomposition of the system into
five and six zones has a slight reduction of calculation time of
the proposed algorithm compared with the case with four zones.
Increasing the number of zones to seven and eight increases
the calculation time compared with that for four, five and six
zones, but it is still less than that for the centralized SCUC.
Note that although the calculation efforts on the zones are
balanced in these two cases (seven and eight zones), the number
of iterations to obtain the optimal results has increased due to
increasing number of the shared variables between the SCUC
subproblems and consequently increasing number of penalty
functions and Lagrangian multipliers. Therefore, we need to
define a proper number of zones in order to have balanced
subproblems with similar calculation efforts on each of them.
So, increasing the number of zones might not always improve
the efficiency of the D-SCUC algorithm. Relation between the
number of zones and the calculation times could depend on the
system characteristics, and the system operator may perform
different simulations to obtain the optimum number of zones
for its own system.
Case 4: In order to justify the effectiveness of the proposed

parallel solution procedure, the sequential solution procedure is
implemented to solve the D-SCUC problem of Case 2 in which
the system is divided into four zones. In this case, there is no
master problem, and the zones directly communicate and ex-
change the information with each other. The initial values of
the penalty multipliers are set the same as those selected for the
parallel solution procedure in Case 2.
Notice that the sequence of subproblem optimizations affects

the calculation performance of the sequential solution proce-
dure. To study the impact of the sequence of subproblems op-
timization on the calculation performance of the sequential so-
lution procedure, we have tested five different scenarios for the
sequence of the subproblems as shown in Table VIII. SP1-2-3-4
in Table VIII means that, in this sequence, SP1 is solved first,
followed by SP2, SP3, and SP4, sequentially. It can be observed
from Table VIII that, although the operating costs of these five
scenarios are almost the same as that in Case 2, their calcula-
tion times are quite different and are 77%, 259%, 82%, 186%,
and 200% more than that for the studied parallel solution algo-
rithm (22 s), respectively. Note that the proposed D-SCUC par-

TABLE VII
EFFICIENCY OF THE PROPOSED ALGORITHM VERSUS NUMBER OF ZONES

TABLE VIII
FIVE SCENARIOS OF SEQUENCE OF SUBPROBLEMS OPTIMIZATION

TABLE IX
DETAIL OF CALCULATION TIME OF THE 4672-BUS SYSTEM

allel algorithm has a unique calculation time compared with the
sequential algorithm that depends on the sequence of subprob-
lems. Note also that although the sequential solution is slower
than the parallel solution, it is still faster than the conventional
centralized algorithm in most cases.

D. 4672-Bus Power System

In this case, a very large power system with 4672 buses,
676 generating units, 5917 branches, and 2230 demand sides
is studied. In order to implement the proposed D-SCUC algo-
rithm, the system is divided into four zones, which are linked
together through 21 tie-lines. There are four SCUC subprob-
lems coordinated by the master problem. Set the initial values

( , and
) and the coefficient . The D-SCUC algorithm

converges after 5 iterations. The total calculation times of each
subproblem and the master problem are shown in Table IX. The
subproblems require almost the same calculation effort, while
the master problem requires much less effort. Table X depicts
the total operating cost and total calculation time of D-SCUC al-
gorithm. For comparison, the results of C-SCUC are also listed
in the table. The C-SCUC has an operating cost of $8 217 023
in 27 min. In comparison, the D-SCUC algorithm only needs
8 min to obtain the optimal solution of $8 233 437. The shows
that although D-SCUC has a slight increase in operating cost,
the reduction in its execution time is significant.
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TABLE X
COMPARISON OF C-SCUC AND D-SCUC FOR THE 4762-BUS SYSTEM

V. CONCLUSION
In this paper, a distributed SCUC algorithm was presented

in order to speed up the SCUC solution process for large-scale
power systems. The power system was decomposed into several
scalable zones, and a local SCUC problem was formulated for
each zone. Each local SCUC problem included independent and
shared variables. In addition, a parallel distributed algorithm
was implemented to solve the subproblems simultaneously. The
successful implementation of the proposed D-SCUC algorithm
would offer a collaboration mechanism for the operation of mul-
tiple ISOs.
Although there is no general rule to partition subproblems for

specific power systems, two generic guidelines are suggested
below for the application of the proposed D-SCUC:
• Each subproblem in the parallel computing algorithm
should be scalable and tractable.

• The number of decision variables and constraints, and
consequently the calculation efforts among subproblems
should be balanced.
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