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Abstract—The increasing size and complexity of modern power
systems and the integration of volatile renewable energy bring
great challenges to the existing security-constrained unit commit-
ment (SCUC) solution engines. This paper presents a fully parallel
stochastic SCUC approach to obtain an efficient and fast solution
for a large-scale power system with wind energy uncertainty.
Variables duplication and auxiliary problem principle (APP)
techniques are adopted to fully decompose the original stochastic
optimization problem into three major solution modules: the unit
commitment (UC) module solves multiple single UC problems;
the optimal power flow (OPF) module handles multiple hourly
DC-OPF problems; and the bridge module builds a connection
between the UC and OPF modules. These three modules are con-
ducted for both base case and scenarios, and can be totally solved
in a parallel manner. Numerical case studies on a modified IEEE
118-bus system and a practical 1168-bus system demonstrate the
effectiveness and efficiency of the proposed approach which will
offer the power system a secure and economic operation under
various uncertainties.
Index Terms—Large-scale power system optimization, parallel

algorithm, stochastic programming, unit commitment.

I. INTRODUCTION

S ECURITY-CONSTRAINED unit commitment (SCUC)
handles the economic unit generation schedule in a power

system for serving the load demand with an adequate reserve
margin while satisfying temporal and operational limits of
generation and transmission facilities. SCUC is widely em-
ployed by independent system operators (ISOs) and regional
transmission organizations (RTOs) to schedule a secure and
economic power operation in both day-ahead and real-time
power markets [1].
Nowadays, the development of power systems is bringing

new challenges into SCUC solutions, such as increasing size of
power systems and high penetration of intermittent renewable
energy. A traditional approach is to incorporate system reserve
constraints to ensure sufficient generation capacity available in
real time to accommodate uncertainties. This is a conservative
approach which could over-commit generating units and conse-
quently lead to a very high operating cost of power systems [2].
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Recently, significant contributions have been made by re-
searchers to solve large-scale power system operation problems
with uncertainties using scenario-based stochastic optimization
approaches, in which each scenario would represent a possible
system situation. The benefits and applications of using sto-
chastic programming, instead of deterministic study, to account
for the uncertainty in unit commitment are examined in [3]. Typi-
cally, stochastic SCUCproblemneeds tomodel a certain number
of scenarios, which will dramatically increase the size of the
problem in termsof large number of variables and constraints.As
a result, the complexity of stochastic SCUCmodel will increase
and more computational efforts will be required, which might
make the problem hard to be solved and even intractable. There-
fore, an advanced solution technique is urgently needed to solve
such stochastic SCUC problems in an effective and fast way.
As one of the major challenges in large-scale power system

operation problems comes from its model size, the solution ef-
ficiency can be improved if we could reduce the size of solved
problems. Using this basic idea, researchers have developed
various approaches to decompose the original large-scale op-
timization problem into several small-size and tractable sub-
problems [4]. The existing decomposition approaches can be
classified into three categories: geographical-structure based de-
composition, scenario-structure based decomposition, and func-
tional-structure based decomposition.
According to the geographical structure of power systems

[5] proposed a distributed method to decompose a large-scale
deterministic SCUC problem into several small regional sub-
problems, and then use an analytical target cascading (ATC)
technique to coordinate those subproblems. Reference [6]
solved a multi-area power system operation problem in which
a stochastic programming model has been studied to consider
cross-border trading in the presence of wind power uncertainty.
The second category of decomposition approaches is based on
the scenario structure of the problem. Reference [7] adopted
a progressive hedging algorithm to decompose the stochastic
formulations into multiple single-scenario subproblems. Refer-
ence [8] presented a scenario-tree based stochastic SCUC that
considers load uncertainty as well as outage of multiple gen-
eration and transmission components using scenario reduction
technique. References [9]–[11] solved a two-stage stochastic
SCUC, which can solve the second stage subproblems with sce-
narios in parallel. According to the functional structure of the
problem, the original large-scale optimization problem can be
decomposed into two major functions: generation scheduling
and network security checking. Benders decomposition based
approaches have been widely used to coordinate the master
UC problem and the network security checking subproblems
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using Benders cuts (or violation cuts) [12]. Reference [13]
proposed a two-stage security-constrained unit commitment
algorithm in which unit commitment decisions are made in
the first stage, and the second stage considers security-driven
redispatching to mitigate the intermittency and volatility of
wind power. Benders decomposition technique is applied to
coordinate these two stages by adding cuts from the second
stage back to the first stage. An auxiliary problem principle
(APP) based sequential-parallel solution was proposed in [14]
to solve a deterministic SCUC problem. In the work [14], single
UC subproblems are interacted with hourly OPF subproblems
through Lagrangian penalty functions. Although in this work,
either single UC subproblems or hourly OPF subproblems can
be solved in parallel, the overall solution procedure is still se-
quential because the hourly OPF subproblems have to wait for
the unit commitment decisions from single UC subproblems.
As Amdahl's law dictated [15], an upper bound on the relative
speedup achieved on a system with multi-processors is decided
by the execution time of the sequentially operated applications.
This overall sequential solution procedure of SCUC becomes
the bottleneck to improve computing efficiency. Therefore, a
stochastic SCUC approach with parallel solution procedure is
needed to solve large-scale power system operation problems.
In this paper, we concentrate on the modeling of the studied

stochastic SCUC problem and the development of the parallel
algorithms. The proposed parallel stochastic SCUC approach
can decompose the stochastic SCUC problem by generating
units and time periods, as well as by scenarios. The major con-
tributions of this work are summarized as follows:
• Fully decomposed problem structures: The proposed ap-
proach decomposes the entire stochastic SCUC problem
into three major solution modules: the UC module deter-
mines the state of generating units; the OPF module opti-
mizes the power generation of generating units while sat-
isfying the network security constraints; and the bridge
module builds a connection between the UC and OPFmod-
ules. Each major module can be further decomposed into
multiple smaller submodules. The UCmodule is composed
of multiple single UC submodules. The OPF module in-
cludes multiple hourly OPF submodules. Multiple bridge
submodules will work as junction points to link single UC
and hourly OPF submodules. In addition, all submodules
are applied to both base case and scenarios. As a result, the
proposed decomposition approach makes all decomposed
problems scalable and tractable, which will theoretically
allow us to handle power systems of any size with a large
number of scenarios assuming enough processors.

• Handling of complicating constraints: The existing sto-
chastic SCUC decomposition methods [7]–[11] coordinate
unit commitment decisions (binary variables) between
base case and scenarios. The classical Lagrangian re-
laxation method is adopted to satisfy the complicating
(non-anticipativity or consistency) constraints with integer
variables (unit commitment decisions). In other words,
they directly process the integer variables appearing in the
complicating constraints. However, the proposed method
will create the complicating constraints with only contin-
uous variables (such as the power dispatch of generating

units) to indirectly coordinate the unit commitment be-
tween base case and scenarios by using the augmented
Lagrangian relaxation method (with the second order
penalty function in the Lagrangian objective function).
These strategies can enhance the solution performance by
avoiding the discreteness of unit commitment variables
during the coordination procedure and improving the
convexity of Lagrangian relaxation function.

• Fully parallel solution procedure: As the APP method is
more desirable to be applied for large-scale power system
optimization problems in terms of computational speed
and convergence performance [16], this method is applied
to coordinate all above solution modules. With the applica-
tion of APP method, all of the single UC, hourly OPF and
bridge modules for both base case and scenarios can be
solved simultaneously, instead of in a sequential process.
In other words, the OPF module does not need to wait for
the unit commitment decision from the UCmodule, and the
study on scenarios does not need to be based on the solution
of base case. Consequently, all of the solution modules are
solved in a parallel manner, which can fully utilize the par-
allel computing techniques to improve the computational
efficiency. Also, the parallelization of the proposed algo-
rithm is implemented on a distributed computing cluster
which is composed of up to 8 computers. The testing re-
sults are reported in the paper.

The rest of the paper is organized as follows. Section II in-
troduces a set of general mathematical formulations for the
scenario-based stochastic SCUC model. The decomposition
strategy and decomposed solution modules are presented in
Section III. Section IV presents an APP based parallel solution
procedure. Two cases are discussed in Section V, including a
modified IEEE 118-bus system and a practical 1168-bus power
system. The conclusion is drawn in Section VI.

II. GENERIC SCENARIO-BASED STOCHASTIC
SCUC FORMULATION

Scenario-based stochastic SCUC model is widely used by
power system operators to deal with increasing uncertainties in
power systems, especially from intermittent renewable energy.
Mathematically, the stochastic SCUC problem can be formu-
lated as a mixed integer programming (MIP) based two-stage
stochastic programming problem. This MIP problem makes the
unit commitment decision in the first stage and considers secu-
rity-driven redispatching with uncertainty in the second stage.
Without loss of generality, a set of general MIP formula of the
two-stage stochastic SCUC is represented by (1) that minimizes
the total expected operating cost, while satisfying both unit and
system operational constraints for all given scenarios over the
studied time horizon.

(1)

where the binary variables are the first-stage variables, which
represent the status of generating units (e.g., On/Off); the
second-stage decision variables, such as the power dispatch
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of generating units in both base case (indicated by superscript
0) and scenarios (indicated by superscript , can be repre-
sented by the continuous variables and , respectively;
the cost coefficients and are for the corresponding binary
and continuous variables; and the parameters are the

probability of base case and scenarios and

subject to . In order to clearly introduce the
proposed decomposition strategy in the paper, we reformulate
the optimization problem (1) by (2)–(9)

(2)

(3)
(4)
(5)
(6)
(7)
(8)
(9)

The objective function (2) minimizes the total expected oper-
ating cost. The constraint (3) is relevant to only binary vari-
ables , like minimum On/Off time limits of generating units.
The constraint (4) is for base case, which include both unit
state and continuous power dispatch , such as the ramping
limits of generating units. The constraint (5) is for only con-
tinuous power dispatch variables in base case, such as the
power balance constraints, reserve requirements and the power
flow limits with/without the consideration of contingencies. The
specific constraint (6) represents the generation capacity limits

that depend on the state of generating units.
Similar to above constraints (4)–(6), the constraints (7)–(9) are
for different scenarios which represent uncertainties in load de-
mands and wind generations in this paper.
In this stochastic SCUC problem, the objective function (2) is

decomposablewithout any coupling terms. The set of constraints
(3)-(9) can be categorized using two strategies. One strategy is to
divide the constraints by scenarios, which categorize constraints
(3)-(9) into base case constraints (3)–(6) and scenario case con-
straints (7)–(9). The other strategy is to divide the constraints
by its function, which categorizes constraints (3)–(9) into a MIP
based UC model (including (3), (4), (6), (7) and (9)) and a linear
programming (LP) basedOPFmodel (including (5) and (8))with
only continuous variables and . This paper combines both
strategies to divide all the constraints into four groups: the MIP
based UCmodel for base case (3), (4) and (6); theMIP based UC
model for scenario (7) and (9); the LP based OPFmodel for base
case (5); and the LP basedOPFmodel for scenario (8). However,
all these four groups of constraints are coupled by complicating
variables and . For examples: the status of generating
units should be the same for both base case and scenarios; and
the power dispatch variables and appear in both theUC and
OPF models. Such complicating variables are making the entire
optimization problem indecomposable and probably intractable.
Therefore, a new decomposition strategy and solution method
is proposed in the following sections.

III. DECOMPOSITION STRATEGY AND SOLUTION MODULES

In order to eliminate those complicating variables and fully
decompose the original stochastic SCUC problem into scalable
subproblems, the following four major steps will be conducted:
Step 1: Replace complicating variables with complicating

constraints using variables duplication technique.
Step 2: Relax complicating constraints using augmented La-

grangian relaxation method.
Step 3: Decompose coupling terms in the Lagrangian objec-

tive function using APP method.
Step 4: Formulate independent solution modules.

A. Replace Complicating Variables
In order to replace complicating variables with complicating

constraints, several groups of variables are introduced as dupli-
cations of the existing variables. The problem (2)–(9) can be
rewritten as shown in (10)–(23).

(10)

(11)
(12)
(13)
(14)
(15)
(16)
(17)
(18)
(19)
(20)
(21)
(22)
(23)

where and , as duplications of the original binary variables
, are introduced for both base case and scenarios, respectively.

Duplications of for UC and OPF constraints in base case are
noted as and , respectively. Similarly, duplications of
for UC and OPF constraints in scenario cases are noted as
and , respectively. In addition, one more group of duplica-
tions of , variables are introduced into the generation ca-
pacity limits (18) for scenarios to represent the power dispatch
from base case.
In order to guaranty an equal value to above duplications of

complicating variables or ,
• Bridge variables are introduced to ensure that the
duplications of complicating variables have the same
value ( from the constraints (19)–(21));

• Bridge variables are added to make sure that the du-
plications of complicating variables have the same value
( based on the constraints (22)–(23));

• From the constraints (19) and (21), we get .
And, these two continuous variables are restricted
by corresponding generation capacity limits (14) and (18).
If both and are equal to zero (no generation), we
can get the state of generating units and .
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However, if both and are within their lower (
and upper bounds, we must have and
. Therefore, a group of constraints (14), (18), (19) and (21)
will together ensure that the duplications of complicating
variables are equal , which physically means
the state of generating units keep the same for both base
case and scenarios.

Now, the problem constraints can be grouped into the fol-
lowing six types, including four types (Types 1–4) of separable
constraints and two types of complicating constraints:
• Type 1: UC-base constraints: UC constraints for base case
include the constraints (11), (12) and (14) with the dupli-
cation variables and ;

• Type 2: UC-scenario constraints: UC constraints for sce-
narios include the constraints (15), (17), and (18) with the
duplication variables and .

• Type 3: OPF-base constraints: OPF constraints for base
case include the constraints (13) with the duplication vari-
ables .

• Type 4: OPF-scenario constraints: OPF constraints for
scenarios include the constraints (16) with the duplication
variables .

• Type 5: Complicating constraints for base case: the con-
straints (19)–(21) link the duplication variables

using bridge variables . Such complicating con-
straints are coupling above Types 1–3 constraints.

• Type 6: Complicating constraints for scenarios: the con-
straints (22) and (23) link the duplication variables and

using bridge variables . Such constraints are cou-
pling above Type 2 and Type 4 constraints.

So far, all the complicating variables and in the
original problem (2)–(9) are replaced by the complicating con-
straints (19)–(23), which will be further decomposed using the
augmented Lagrangian method as discussed in the following
subsection.

B. Relax Complicating Constraints

In this subsection, augmented Lagrangian relaxation method
is adopted to decompose complicating constraints (19)–(23) by
adding the first-order and the second-order penalty functions
into the objective function (10). Accordingly, the objective
function of corresponding Lagrangian relaxation problem is
written as,

(24)

Fig. 1. The relationship and variables exchange between solution modules.

where and are the penalty multipliers associated with
the first-order and the second-order terms, respectively. The
penalty multipliers will be updated during the iterative solution
process. After relaxing complicating constraints by penalty
multipliers, the remaining constraints (11)–(18) become sepa-
rable and decomposable. However, the Lagrangian relaxation
function (24) is still unable to be decomposed because of the
coupling terms (the product of variables) introduced by the
second order penalty function in (24).

C. Decompose Objective Function

In order to remove coupling terms from the objective func-
tion (24), an APP method [17] is applied in this step to replace
(24) with its auxiliary problem (25), shown at the bottom of the
next page, in which the coupling terms are substituted by in-
dependent terms with the help of iterative results from the pre-
vious iterations, where are the results obtained from the
previous iteration , which can be considered as constants
in the current iteration . As a result, decoupled auxiliary ob-
jective functions can be obtained by reorganizing this auxiliary
problem (25), which is relevant to different groups of variables,
and will be presented in the next subsection.

D. Formulate Independent Solution Modules

By associating decoupled objective functions with their cor-
responding constraints groups, the original stochastic SCUC
problem can be divided into the following six independent so-
lution modules, including the UC-base module, the UC-sce-
nario module, the OPF-base module, the OPF-scenario module,
the bridge-base module and the bridge-scenario module. The
relationship and variables/data exchange between modules are
shown in Fig. 1.
1) UC-Base Module: The UC-base module is composed of

the objective function (26) and constraints (11), (12) and (14),
with variables and .

(26)

Note that constraints in the UC-base module can be separated
for individual generating units, and there is no coupling terms
between the generating units in the objective function as well.
Thus, the UC-base module can be further decomposed into mul-
tiple single UC-base submodules.
2) UC-Scenario Module: The UC-scenario module includes

the objective function (27) and constraints (15), (17), (22) and
(23), with variables and . Similar to the UC-base
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module, for each scenario, the UC-scenario module can be fur-
ther decomposed into multiple single UC-scenario submodules.

(27)

3) OPF-Base Module: The OPF-base module is adopted to
optimize decomposed objective functions under network con-
straints in base case. This module consists of the objective func-
tion (28) and constraint (13), with variables . As all the
constraints in the OPF-base module can be separated for single
period study, this module can be further divided into multiple
single-hour OPF-base submodules.

(28)

4) OPF-Scenario Module: The OPF-scenario module has
the objective function (29) and constraint (16), with variables

. Similar to the OPF-base module, for each scenario, the
OPF-scenario module can be further decomposed into multiple
single-hour OPF-scenario submodules.

(29)

5) Bridge-Base Module: The bridge-base module is intro-
duced here as an unconstrained optimization problem (30) with
variable , which is used to collaborate the UC-base, the
OPF-base and the UC-scenario modules, as shown in Fig. 1.

(30)

In (30), the solution of the iteration in bridge-base is im-
pacted by the iterative result of the th iteration from itself
and other modules like the UC-base, OPF-base, and UC-sce-
nario modules for all scenarios. Obviously, this objective func-
tion can be decomposed into multiple submodules in terms of
generating units, studied periods and scenarios.
6) Bridge-Scenario Module: Similarly, the bridge-scenario

module is introduced to connect the UC-scenario and OPF-sce-
nario modules, as shown in Fig. 1. The bridge-scenario module
is also an unconstrained optimization problem (31) with vari-
able This module can be further decomposed into mul-
tiple submodules in terms of generating units, studied periods
and scenarios.

(31)

(25)
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Fig. 2. Decomposition structure of fully decomposed submodules.

Finally, a fully decomposed structure of the studied stochastic
SCUC problem is illustrated in Fig. 2. By adopting the pro-
posed decomposition strategy, the original large-scale stochastic
SCUC problem is decomposed into numbers of small-size sub-
modules which can be simultaneously solved. Commercial MIP
solvers can be used to solve submodules with a piecewise lin-
earized objective function and a set of linear equality and in-
equality constraints.

IV. A PARALLEL SOLUTION PROCEDURE
According to the discussions above, two levels of decom-

position are adopted in the paper. Augmented Lagrangian re-
laxation method is used in the first level to decompose com-
plicating constraints, while the APP technique is employed in
the second level to decouple the Lagrangian relaxation func-
tion. Thus, the proposed parallel solution procedure includes
two loops: an outer loop and an inner loop. The outer loop col-
laborates UC, OPF and bridge modules by updating penalty
multipliers, while the inner loop ensures the accuracy of APP
approximation. Fig. 3 shows the proposed parallel solution pro-
cedure which is discussed below:

Step 1: Set the iteration index, for the inner loop and
for the outer loop, and choose initial values for all

the variables (including and
) and Lagrangian multipliers and .

Step 2: Set the inner loop iteration index , solve
UC, OPF and bridge modules in parallel, and obtain op-
timal results of the current inner iteration .
Step 3:Check the inner loop convergence using (32) where

is the convergence threshold for the mismatch of du-
plicated variables within inner loops. If it is satisfied, set

, and go to Step 4. Otherwise, go back to Step 2.

(32)

Step 4: Check the following stopping criteria including
necessary-consistency conditions (33) and (34) where
is the convergence threshold for the mismatch of dupli-
cated variables within outer loops and is the conver-
gence threshold for the mismatch between each couple

Fig. 3. Flowchart of the proposed parallel approach.

of complicating variables; and sufficiency condition (35)
where is the convergence threshold for the cost differ-
ence between two successive iterations [19]. If all of them
are satisfied, then stop and the optimal value is obtained;
otherwise, go to Step 5.
Necessary-consistency conditions:

(33)

(34)

Sufficiency condition:

(35)
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where is the optimal result of (24) at the outer loop
iteration .
Step 5:Update Lagrangian multipliers using (36) and (37),
set and , and go to Step 2.

(36)

(37)

where is the second order penalty multiplier (including
, and and the coefficient is set to

be equal or larger than one in order to obtain a converged
optimal result. The success of the proposed Lagrangian re-
laxation based method depends on the ability of the algo-
rithm to drive Lagrangian multipliers to the value of mul-
tipliers associated with complicating constraints at the op-
timal solution. With the combination of convergence cri-
teria (32)–(35) and multipliers updating process (36)–(37),
it has been proven to converge to the optimal solution
of the original optimization problem when the problem is
convex [17]. Although there is a convergence proof of the
APP algorithm for convex optimization problems, there is
no direct proof for a non-convex MIP problem, which is
modeled in this paper. However, for this non-convex op-
timization problem, the non-convexity can be mitigated
by the augmented Lagrangian method. Quadratic penalty
terms are added to the Lagrangian objective function as a
local convexifier to improve the convexity of the problem
[20]. In addition, according to our experiments/testing ex-
periences, we would like to mention that the effective-
ness of the used APP algorithm on the studied non-convex
stochastic SCUC problem is satisfactory and acceptable,
which can be supported by the following case studies.

V. CASE STUDIES

In this section, a modified IEEE 118-bus power system and
a practical 1168-bus power system are used to illustrate the
computational efficiency and convergence performance of the
proposed parallel approach for solving the stochastic SCUC
problem with consideration of wind generating units.
As a key input to the scenario-based stochastic SCUC study,

the possible realization of the system uncertainties can be simu-
lated by various scenario generation and selection methods. For
the scenarios generation, different probability distribution func-
tions have been adopted by researchers to generate a group of
scenarios representing the load and wind generation uncertain-
ties, such as hyperbolic distribution function [21], normal dis-
tribution function [22], and truncated normal distribution func-
tion [23]–[25]. In this paper, the forecasts of the load and wind
generation are represented by the truncated normal distribution
function with 99.95% confidence interval and they are in the

TABLE I
OPERATING COST AND COMPUTATION TIME IN CASE A.1

range of . In this study, the mean is the
hourly power forecast, and the standard deviation is 5% of the
mean. In our study, the wind power generation profiles for base
case are obtained and scaled based on the actual wind genera-
tion data [26].
For the scenario selection, normally, the scenario reduction

technique is used to reduce the size of scenarios and create
a proper scenario tree that will be studied by the stochastic
SCUC problem. Several scenario reduction algorithms have
been adopted by researchers, which include the fast backward
method, the fast backward/forward method, and the fast back-
ward/backward method [27], [28]. As these scenario reduction
algorithms have different computational performance and ac-
curacy, the selection of an algorithm would depend on the size
of the problem and the required accuracy. For example, the fast
backward method provides the best computational performance
but the worst accuracy, while the fast forward method could
provide a more accurate result with longer computational time
[25]. Since the main purpose of this paper is to handle as many
scenarios as possible using the proposed parallel algorithm,
the scenario reduction technique is not adopted in our study.
However, as an input study, it can be easily integrated with our
work.
The specific parameters are set as the same in all case studies.

The penalty multipliers are set as for all
penalty functions, and updating parameters for the second order
multipliers is . The convergence thresholds are set as

MW (32), MW (33), MW (34), and
% (35).

A. Modified IEEE 118-Bus Power System
A modified IEEE 118-bus system [12] consisting of 54 gen-

erating units, 10 wind units, 186 branches, 91 demand sides, 5
critical transmission line contingencies and up to 30 scenarios
is studied. The following three cases are solved using ILOG
CPLEX 12.5's MIP solver on a 3.4 GHz personal computer with
8 G memory:
• Case 1: Deterministic case
• Case 2: Stochastic case with one scenario
• Case 3: Stochastic case with up to 30 scenarios
Case 1: A deterministic SCUC problem is studied using the

proposed method. Because of no consideration of load and wind
uncertainties in this case, there are only three major modules
cooperating with each other in parallel, which are the UC-base,
OPF-base and bridge-base modules. A converged result is ob-
tained after 157 iterations. In order to compare the proposed par-
allel method with the conventional centralized method (a single
MIP model with all variables and constraints together), their
total operating cost and calculation time are listed in Table I.
The total operating cost of the system is $1 585 539, which is
very close to the conventional centralized SCUC solution of
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TABLE II
OPERATING COST AND COMPUTATION TIME IN CASE A.2

TABLE III
RESULTS OF STOCHASTIC SCUC WITH UP TO 30 SCENARIOS IN CASE A.3

TABLE IV
SIZE OF SUBMODULES FOR 30 SCENARIOS IN CASE A.3

$1 585 065 However, as the testing case is small, the calcula-
tion speed of the centralized solution is faster than our method
on a single PC.
Case 2: A stochastic case with one scenario is studied in this

case. In this stochastic study, there are a total of 18 624 variables
( and ) and 139 248 constraints
(including 6 480 complicating constraints (19)–(23)). Six major
modules are implemented to obtain a converged result after 211
iterations. Table II shows the total operating cost and computa-
tion time of both centralized and parallel solutions. As we can
see the CPU time consumption of the proposed parallel solu-
tion is still higher than the centralized one, while its total oper-
ating cost is very close to the centralized solution (only 0.07%
increase).
Case 3: In order to further examine the impact of increasing

number of scenarios, case studies with more scenarios (up to 30)
are studied in this case. Because of the size of the optimization
problem and the limitation of computing hardware, only up to
5 scenarios can be tested by the centralized method. The com-
parison of the total operating cost and computational time be-
tween the centralized method and the proposed parallel method
are listed in Table III, in which with the increase of number of
scenarios, the CPU time consumption of the centralized method
increases from 39.58 seconds (base case) to 960.16 seconds (5
scenarios). However, using the proposed parallel algorithm, we
can obtain the results for all cases having up to 30 scenarios.
As an example, Table IV lists the size of submodules for a case

TABLE V
OPERATING COST AND COMPUTATION TIME IN CASE B.1

with 30 scenarios using the proposed parallel solution. All sub-
modules are scalable and tractable. From Table III, we can see
that with the increase of number of scenarios, the CPU time con-
sumption of the proposed parallel method increases from 235.56
seconds to 21 210.6 seconds (around 5.892 hours). Considering
a significant increase in the number of variables (from 8 016 to
326 256), constraints (from 67 032 to 2 233 512), and compli-
cating constraints (from 2 592 to 41 472), the increase in calcu-
lation time is reasonable and acceptable for such a complicated
optimization problem running on a single PC. Note that more
iterations might be needed to obtain an optimal solution for the
cases with more scenarios and it results in increase of total cal-
culation time.

B. A 1168-Bus System
In this case, a practical 1168-bus power system with 169

thermal units, 10 wind units, 1474 branches, 568 demand sides,
10 critical transmission line contingencies and up to 20 sce-
narios is studied to illustrate the computational performance of
the proposed parallel algorithm for solving a large-scale sto-
chastic SCUC problem. The following two cases are solved
using ILOG CPLEX 12.5's MIP solver on a 3.4 GHz personal
computer with 8 G memory:
• Case 1: Deterministic case
• Case 2: Stochastic case with up to 20 scenarios
Case 1: In this case, we studied a deterministic case with

24 576 variables and 819 336 constraints. Using the proposed
parallel method, a converged result is obtained after 282 itera-
tions. The total operating cost and calculation time of the pro-
posed algorithm are $3 332 264 and 514.4 seconds on a single
PC, respectively. The comparison with the centralized solution
($3 313 296 with 573.2 seconds) listed in Table V supports that
the accuracy of the proposed parallel solution can be guaran-
teed while its calculation time is 10.26% less than the central-
ized one.
In order to further illustrate the convergence performance of

the proposed algorithm, the power mismatch between the
generation outputs obtained from the UC-base and OPF-base
modules, , are shown in Fig. 4. The total
number of power mismatches is 4 056 (169 units hours).
From Fig. 4(a), at the first iteration, the power mismatch is very
huge (the largest one is 294.45 MW) because all the generating
units in the UC-base module are uncommitted in order to min-
imize their operating cost, while some of generating units in
the OPF-base module must be committed and supply certain
amount of power to satisfy the system constraints such as power
balances. As shown in Fig. 4(b), after 50 iterations, the worst
power mismatch has been dramatically reduced to 54.0 MW,
and 2 893 out of 4 056 power mismatches are below the pre-
defined convergence threshold (0.1 MW). At the 282nd itera-
tion, as shown in Fig. 4(c), all the power mismatches converged
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Fig. 4. The power mismatches between the UC-base and OPF-base modules
over iterations. (a) At iteration 1, (b) At iteration 50, (c) At iteration 282.

within their thresholds (0.1 MW), and the largest power mis-
match is 0.0748 MW, while the majority of those mismatches
have nearly no error at convergence.
Case 2: In this case, a stochastic SCUC problem with up to

20 scenarios is studied. Basically, it is really difficult to get an
optimal and even a near-optimal centralized solution within a
limited calculation time. However, the proposed parallel method
makes it possible and doable to solve such large-scale optimiza-
tion problems on a single PC. As an example, the case with 20
scenarios includes 678 336 variables and 17 530 536 constraints
(including 251 472 complicating constraints (19)–(23)). After
using the proposed parallel method, we list the size of submod-
ules in Table VI. Table VII summarizes the detailed computa-
tional results for the proposed parallel solution. For the case
with 20 scenarios, an optimal result is obtained after 530 it-
erations with an operating cost of $3 660 700 and a CPU time
of 13.889 hours. Fig. 5 shows the convergence performance of

TABLE VI
SIZE OF SUBMODULES FOR 20 SCENARIOS IN CASE B.2

TABLE VII
OPERATING COST AND COMPUTATION TIME IN CASE B.2

the proposed method. In these four cases, most complicating
constraints can quickly converge after 200 iterations. For ex-
ample, in the test case with 20 scenarios, 221 717 out of 251 472
(87.95% within threshold) are converged at 200 iterations, and
330 more iterations are needed to find the final converged result
(100% within threshold).

C. Parallel Implementation of the Proposed Algorithm
To further justify the effectiveness of the proposed parallel al-

gorithm, the two largest cases in Case Studies A and B are tested
on a computing cluster that is composed of up to 8 computers
with a quad-core 2.8 GHz Intel Core processor, 8 GB of RAM
and 8 MB of cache per node: one for the IEEE118-bus power
system with 30 scenarios and the other for the 1168-bus power
system with 20 scenarios.
For this parallel implementation, all of the single UC and

hourly OPF submodules for both the base case and the sce-
narios are evenly distributed among multiple processors. How-
ever, all the bridge submodules are assigned to the head node of
the cluster because they all can be solved very quickly by one
processor (e.g., less than 1 second per iteration in our tests).
The performance of the parallel implementation has been

evaluated using from 1 to 8 nodes of the cluster. First of all,
the obtained results are exactly the same as that presented in
Case Studies A and B. Figs. 6–8 show the processing time, the
speedup and the efficiency curves with the increasing number
of processors, respectively. The processing time of the parallel
computing includes the computational time (e.g., the time for
the data processing and CPLEX solver), and the communication
time (e.g., the time for the job submit and data return) between
the head node and computing nodes. The speedup is a ratio
of the processing time on a single processor to the processing
time using multiple processors. The efficiency is defined as the
speedup divided by its number of processors. The following
observations can be obtained from Figs. 6–8:
• The processing time is significantly reduced as the number
of processors increases (e.g., the processing time for the
case of the 1168-bus power system with 20 scenarios is
reduced from 21.96 hours on a single processor to 2.90
hours using 8 processors).
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Fig. 5. Percentage of satisfied complicating constraints.

Fig. 6. Processing time vs. the number of processors.

Fig. 7. Speedup vs. the number of processors.

Fig. 8. Efficiency vs. the number of processors.

• The speed up curves are almost linear, which indicates that
the proposed parallel algorithm is scalable.

• The parallel implementation illustrates an excellent effi-
ciency for both cases; around 94%–99% efficiency using
multiple processors.

Therefore, the above observations showed that the processing
time can be further reduced when more computer processors are
available.

VI. CONCLUSION

In this paper, a fully parallel stochastic SCUC approach was
presented, which can be utilized to quickly implement a gener-
ation scheduling of a large-scale power system with uncertain-
ties. The test cases on a modified IEEE 118-bus system and a
practical 1168-bus system showed the effectiveness of the pro-
posed approach. With the application of variables duplication
and APP techniques, the original stochastic SCUC problem was
divided into multiple single UC modules and hourly OPF mod-
ules, which are connected by bridge modules. All of the de-
composed modules can be simultaneously solved to improve
the computational efficiency. Another salient benefit of the pro-
posed decomposition structure is that the number of variables
and constraints in each submodule are constant and indepen-
dent to the number of scenarios. In other words, the complexity
of submodules would not increase with a larger number of sce-
narios, which makes the proposed approach very promising to
deal with a large-scale power system with uncertainties.
In general, the computational burden of stochastic approaches

depends on the number of scenarios considered by the study.
The capability of handling scenarios relies on the calculation
efforts of solution methods, the availability of computing re-
source, and the requirements of the solution quality (such as
the optimality and the computing time). For a particular power
system, a study can be conducted to evaluate the quality of the
solution to the number of scenarios, and consequently it can help
in choosing a proper number of scenarios that can be handled in
the system to avoid unnecessary computation burden.
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