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ABSTRACT

Stochastic unit commitment is one of the most powerful methods to address uncertainty. However, the existing
scenario clustering technique for stochastic unit commitment cannot accurately select representative scenarios,
which threatens the robustness of stochastic unit commitment and hinders its application. This paper provides
a stochastic unit commitment with dynamic scenario clustering based on multi-parametric programming and
Benders decomposition. The stochastic unit commitment is solved via the Benders decomposition, which decouples
the primal problem into the master problem and two types of subproblems. In the master problem, the committed
generator is determined, while the feasibility and optimality of generator output are checked in these two
subproblems. Scenarios are dynamically clustered during the subproblem solution process through the multi-
parametric programming with respect to the solution of the master problem. In other words, multiple scenarios
are clustered into several representative scenarios after the subproblem is solved, and the Benders cut obtained
by the representative scenario is generated for the master problem. Different from the conventional stochastic
unit commitment, the proposed approach integrates scenario clustering into the Benders decomposition solution
process. Such a clustering approach could accurately cluster representative scenarios that have impacts on the
unit commitment. The proposed method is tested on a 6-bus system and the modified IEEE 118-bus system.
Numerical results illustrate the effectiveness of the proposed method in clustering scenarios. Compared with
the conventional clustering method, the proposed method can accurately select representative scenarios while
mitigating computational burden, thus guaranteeing the robustness of unit commitment.
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Nomenclature
Indices and Sets

ij Indices of gas nodes i and j
Indices of bus b
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Index of the time period
Set of starting and ending buses of electric line /

Minimum operation cost of generator i

Probability of occurrence for scenario s

Cost coefficient of generator i at segment ¢

Cost coefficient of wind farm w

Penalty factor for wind curtailment

Forecast output of wind farm w at hour ¢ in scenario s
Capacity of line /

Maximum output of generator i at segment ¢

Minimum output of generator i

The active power demand of load bus j at hour ¢ in scenario s
Elements of bus-branch and bus-generator matrices
Elements of bus-wind farm and bus-generator matrices
Up/down ramping limits of generator i
Startup/shutdown ramping limits of generator i
Startup/shutdown cost of generator i

Minimum on/off time duration of generator i

Initial on/off time of generator i

Lagrangian multiplier used in the Benders decomposition
An extremely small positive number

The active power output of generator i at hour 7 in scenario s
The overall operation cost of the power system in scenario s
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Linear segment ¢ for the active power output of generator i at hour ¢ in scenario s

Power flow of line / at hour ¢ in scenario s
Bus angle of bus b at hour ¢ in scenario s
State of generator i at hour ¢, 1 if on, otherwise 0

Startup/shutdown state of generator 7 at hour ¢, 1 if startup/shutdown, otherwise 0

Startup/shutdown cost of generator i at hour ¢

Wind curtailment of wind farm w at hour ¢ in scenario s
Auxiliary variable

Slack variables used in the Benders decomposition subproblem
Constant matrix used in the compact form

Constant matrix corresponding to active constraints

Constant matrix corresponding to inactive constraints
Constant matrix used in the compact form

Set of binary and continuous variables used in the compact form

Set of uncertain variables used in the compact form
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1 Introduction

Renewable energy is regarded as the silver bullet to replace conventional fossil energy and achieve
carbon neutrality [1-3]. During the last decade, renewable energy has been rapidly developed [4-0].
However, the inherent intermittency and uncertainty of renewable energy bring significant operation
challenges to the power system operator. How to accommodate the uncertain power output of
renewable energy is recognized as a global problem.

The most popular method to address this challenge is the stochastic approach. In the stochastic
approach, the uncertainty is described by multiple scenarios, and the stochastic programming obtains
the optimal unit commitment considering these scenarios [7,8]. To simulate the uncertainty accurately,
massive scenarios must be generated, which result in computational intractability [9]. The scenario
clustering technique is thus proposed to mitigate the computational burden by reducing the scenarios
[10]. More specifically, the scenario clustering technique aggregates similar scenarios into one scenario,
which is known as a representative scenario. Accordingly, massive scenarios are converted into several
representative scenarios. Stochastic programming only considers these representative scenarios rather
than all scenarios [11]. The scalability of stochastic unit commitment is enhanced by using clustering
techniques since fewer scenarios are considered.

The most famous clustering method is K-means, which clusters scenarios based on Euclidean
distance [12]. The geographically-closed scenarios in algebraic space are clustered together as one
representative scenario [13]. There are a lot of variant K-means methods like K-means++ and
federated learning-based K-means [14—16]. The main problem with existing clustering techniques is
that they cannot accurately select representative scenarios. This is because the power system schedule
is highly nonlinear with respect to scenarios. More specifically, small changes in the scenarios could
result in significant changes in the power system schedule [17]. Accordingly, the clustering technique
should consider such highly nonlinear relationships between the power system schedule and input
scenarios. Multi-parametric programming offers a powerful solution for reflecting the relationship
between power system schedules and scenarios [1 8] and can thus be implemented in scenario clustering
[19]. However, few studies focus on how to cluster scenarios using multi-parametric programming.

This paper provides the stochastic unit commitment with dynamic scenarios clustering based on
multi-parametric programming. The major contributions of this paper as listed as follows:

1) The scenarios clustering method based on multi-parametric programming is proposed. Com-
pared with conventional K-means or other unsupervised learning methods, the proposed clustering
method adopts multi-parametric programming to specify critical regions and select representative
scenarios considering the power system operation and network.

2) The dynamic clustering process consisting of multi-parametric programming and Benders
decomposition for two-stage stochastic programming is provided. We innovatively embed the scenarios
clustering process into the Benders decomposition solution process rather than the pre-solution stage.
Therefore, the proposed dynamic clustering method can accurately reflect the impact of the scenario
on the unit commitment schedule.

The rest of this paper is organized as follows: Section 2 introduces the mathematical formulation
of the stochastic unit commitment based on Benders decomposition. Section 3 develops the proposed
dynamic scenario clustering based on multi-parametric programming. Case studies are conducted in
Section 4 to show the validity of the proposed method. Conclusion and further work are provided in
Section 5.
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2 Mathematical Formulation of Stochastic Unit Commitment

The two-stage stochastic unit commitment is adopted to accommodate the uncertain renewable
energy. As shown in Fig. 1, the uncertain renewable energy is described using multiple scenarios.
More specifically, each scenario represents one potential output. Since the number of scenarios is
extremely large, scenarios are generally clustered into several representative scenarios. Stochastic
unit commitment optimizes the state of unit commitment considering all representative scenarios.
In the first stage, the unit commitment decision is determined to accommodate all scenarios. This
decision should be robust enough since it cannot be changed at the second stage. In the second stage,
the generator’s output is determined with respect to different scenarios under the unit commitment
decision obtained in the first stage. The generator’s output could be different following different
scenarios.

Unit commitment
decision

Real time
dispatch gin
decision

Potential wind output

Figure 1: Framework of two-stage stochastic unit commitment

2.1 Stochastic Unit Commitment
The stochastic unit commitment mathematical formulation is shown as follows [20-22]:

min » > (FGI,+ SU,+SD,)+ > pC, (1)

C, = Z (Z Z cgi PG,y + z wD.,,, + Z cw, P WW,S,,) (2)
t i q w w

PG, = > APG,,,Vi,Vs Vi (3)

q

0 < APG,,,, < PG Vi,Vs,V1,Vq

I,PG™ < PG,,,Vi,Vs,Vt (4)

> KL,PL,, = > KP, PG, + > KW,, (PW,,—D,..)— > KB,PB, Vb Vs Vi (5)
b i w J

0<D,,, < PW,, Vw,Vs,Vt (6)

— PL"™ < PL,,, < PL™ VI,Vs,Vt (7)

PLy, — (05 — Oes) /X = OV, Vs, V1 (3)
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PG,'v.y,t = " . Vi, Vs (9)
PG,,.i + RG™ (1 — u;,) + SG"u;, otherwise
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PG,y — RG* (1 —v,,) — SG*™v,, whent = 1
PG, > Vi,Vs (10)
PG, , — RG* (1 —v,,) — SG“"y,, otherwise
SU,, = C%u, Vi, Vi (11)
SD,, = C*v,, Vi, Vt (12)
Uy, — vy, = Iy — I, whent =1
{ ' ' ’ | Vi (13)
u, — v, = I, — I, otherwise
u, + v, <1Vi,Vt (14)
> (1-1,)=0Vi (15)
teL’l‘?“
r+Tl9“—1
> L,>T(I,—1I,,) ViVte [L"+ 1, T — T + 1] (16)
,T,
DAl — (L= 1)} = 0Vi Ve e [T— T +2,T] (17)
Z I, =0Vi (18)
zeL?ff
t+TIF’ff—1
> (1-1,) =T (I, —1,) ViVt e [L"+ 1, T — T°" + 1] (19)
;—l
DAl—1, = (L= 1)} = 0Vi,Vi e [T — T"+ 2, 7] (20)

Egs. (1) and (2) represent the operation cost of unit commitment considering all possible represen-
tative scenarios. Owing to the well-known zero marginal cost characteristic of renewable energy, we set
the operator cost of renewable energy as 0. Egs. (3) and (4) enforce the generator’s output under each
scenario. Eq. (5) represents power balance. Eq. (6) limits wind curtailment. Eq. (7) limits line flow.
Eq. (8) enforces power flow using the DC power flow model [23,24]. Eqs. (9) and (10) represent the
ramping limit of the generator. Eqs. (11) and (12) represent the startup/shutdown cost of the generator.
Eqgs. (13) and (14) limit the startup/shutdown state of the generator. Eqs. (15)—(17) enforce minimum
on time, while Eqgs. (18)—(20) enforce minimum off time.

The conventional stochastic unit commitment is generally solved via the Benders decomposition
[25-27]. The Benders decomposition can decouple the primal stochastic unit commitment problem
into the master problem and two subproblems. The master problem is the unit commitment problem,
which determines the generator’s state. At the same time, two subproblems check the feasibility and
optimality of the generator’s state, respectively. The flowchart of conventional Benders decomposition
for stochastic unit commitment is shown in Fig. 2.
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Solve the unit commitment |
master problem

v
Solve feasible subproblem under each Feasible
scenario Benders cuts

A

No
P —

X Solve optimal subproblem under each
scenario
Optimal
Benders cuts
No 4

I Print dispatch strategy |

End

Figure 2: Flowchart of the conventional Benders decomposition for two-stage unit commitment

The master problem is listed as follows:

min Z Z (FGI,+ SU,+SD,) +« 21
Const’rainits (11)—(20) (22)
a>0 (23)

The feasible subproblem is applied to check whether the generator’s committed states can balance
power balance under each scenario. The feasible subproblem is listed as follows:

min f; = Z z (sb,q,s,, + rb,&,) (24)
t b

PG, = > APG,,, Vi, Vs Vi (25)
q
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Z KPb,iPGi,s,t + Z KVVZJ,W (P I/I/w,s,l - Dw,s,t) - Z KBb,/'PBj,s,t =
i ) J

Z KLIJ,IPLI,S,I + Sb.s,l - rb,s,l Vba VS, Vt (27)
b
PG+ RG™ (1 — uj‘t) + SG}“pu,’.ft when t = 1
PGiV.Y,t S Vl: VS (28)
PG, + RG" (1 —u;,) + SG"u;, otherwise

PG,y — RG™ (1 — Vf,,) — SG™v;, when t = 1
PGi,s,l Z Vla VS (29)
PG, — RG* (1 —v:,) — SG"v:, otherwise
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Constraints (6)—(8) (30)

Spais Poss = 0 VD, Vs, Vt (31

The value of the objective is obtained by solving the subproblem. If the objective is positive,
the unit commitment schedule cannot ensure load balance. Accordingly, the Benders cut Eq. (32) is
generated to the master problem for revising the unit commitment schedule, which is listed as follows:

fi- Z Z (M;I?,PG""" Z Mi‘{;l Gmax) - I,*,) <0Vs (32)

The optimal subproblem is applied after each feasible subproblem is satisfied. The optimal
subproblem is to check whether generators’ committed states can balance power balance under each
scenario in an economical manner. The optimal subproblem is listed as follows:

=3 (S S+ Tov s Tonrw..) e
t i q w v

PG, = > APG,,, Vi, VsVt (34)

q

O S APGi,A\',I,q S I:IPGL":]KX + Sb,q‘s,t Vl, VS, VZ’ Vq

I;:[PGlr.ni“ — rb,s,l f PGi,s,t Vl, VS, Vl (35)
> KLy PL,,, =Y KP,PG,, + Z KW, (PW,., = Dy.i) — >_ KBy,PB,., ¥b,¥s,Vi (36)
b i J
PGy + RG™ (1 —u;,) + SG“‘p  when t =1
PG, Vi, Vs (37)
PG, + RG™ (1 —u})) + SG"u;, otherwise
PG,y — RG™ (1 —v;,) — SG*V;, when t = 1
PG, = Vi, Vs (38)
PG, — RG™ (1 —v:,) — SG"v:, otherwise
Constraints (6)—(8) (39)

The value of the objective is obtained by solving the subproblem. If the objective does not satisfy
criteria Eq. (40), the unit commitment schedule is not economically optimal. Accordingly, the Benders
cut Eq. (41) is generated to the master problem for revising the unit commitment schedule, which is
listed as follows:

Z 0,C, —a
P (u;":,PGmm Z u?f,PG:':,“) —I) <« (41)

<e¢ (40)
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3 Stochastic Unit Commitment Based on Dynamic Scenarios Clustering

3.1 Multi-Parametric Programming for Dynamic Scenarios Clustering

In practice, there are massive scenarios that result in the computational burden. In this section,
we introduce the multi-parametric method to cluster the scenarios. The concept of scenario clustering
method based on the conventional K-means method and multi-parametric method are shown in
Figs. 3a and 3b, respectively. In the conventional K-means method, the scenarios are clustered based
on Euclidean distance. More specifically, scenarios that are closed in Euclidean space are aggregated
as one scenario. Some scenarios could be close in Euclidean space but have different impacts on the
unit commitment schedule. These scenarios should not be clustered into one scenario. However, the
K-means method could cluster into one scenario by mistake since they are close in Euclidean space.
On the other hand, some scenarios could be far away in Euclidean space but have the same impact
on the unit commitment schedule. The K-means method fails to cluster these scenarios since they are
far away. In summary, the K-means method does not fully consider power system physical constraints
and is thus inaccurate. Fig. 3b illustrates the proposed clustering method based on multi-parametric
programming. In multi-parametric programming, the whole space will be divided into several critical
regions (CRs). Scenarios in each critical region have the same impact on the power system schedule,
i.e., unit commitment. Accordingly, scenarios are clustered based on power system physical constraints,
which is thus more accurate than the conventional K-means method.

mnA-I+B-P

st.C-I1<DE-I+F-P<G+§ (42)
A A
o o
o e . o ° ° L ]
o AL o © Critical
° -
L ° o o4 Region |
° o o
° ° °
° -
® eite Critical
e %ise Region 2 °
° o i Critical ~ © RERE
e o Region 3 *e ¢
° .. J ° L
L] o
L ® o ° 2 o 2 ® o o0 “riti > °
° ° 2 > Critical 4
o o °© o Region 4
© Scenario @ Typical scenario © Scenario @ Typical scenario
(@ (b)

Figure 3: Illustration of scenario clustering based on (a) K-means method and (b) multi-parametric
programming

Here, we use the optimal subproblem to illustrate how multi-parametric programming works. The
major objective of multi-parametric programming is to obtain all CRs. Accordingly, scenarios in one
CR can be aggregated as one representative scenario. The optimal subproblem is listed as follows:

min B-P
st. E-I'+F-P<G+p° (43)

After the optimal subproblem is solved, the constraint set in subproblem Eq.(43) can be
categorized as active constraint set Eq. (44) and inactive constraint set Eq. (45). It is obvious that
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constraint Eq. (45) does not work since it is inactive. The optimal value of subproblem Eq. (43) is only
enforced by constraint Eq. (44). Therefore, the optimal solution of P can be directly calculated using
Eq. (44), which can be derived as Eq. (46). By replacing Eq. (46) with Eq. (45), constraint Eq. (47) can
be obtained. Here, a conclusion is drawn: if the uncertain variable B is given a value like 8°, P can be
calculated using Eq. (46).

Furthermore, we can draw that for any g8 that satisfies Eq. (47), P* can be calculated using Eq. (46),
indicating that 8 satisfying Eq. (47) has the same impact on I*. Therefore, Eq. (47) meets the definition
of CR, so we can use Fq. (47) to calculate all CRs. It is obvious that scenarios belonging to one critical
region can be aggregated as one representative scenario since their impacts on the unit commitment
schedule are the same.

E'"I'+F" . P=G"+p° (44)
EY.I'+F*. P <G"+p° (45)
P =(F) - (G'+B)—(F) - E'I (46)

E“. [+ F1. ((FA)*I ) (GA +ﬂ0) _ (FA)*I .EA.I*) < G" +ﬂ0 .
= (F"“ (F) " - 1) B <G —F"(F)' G+ (F"“ (F)" E' - E’A) r

Then we introduce how to embed the clustering approach in the existing Benders decomposition.
The Benders decomposition is the same as the master problem in Section 2, which is listed as follows:

min » > (FGI,+ SU,+SD,) + > pC, (48)

t 1 s

Constraints (2)—(20) (49)

Then, we first solve the following feasible problem under one scenario. After the optimal solution
is obtained, we can use Eq. (50) to calculate the CR for this scenario. Then, all scenarios are screened
to check whether they belong to this CR. Scenarios belonging to one CR would be aggregated as one
scenario. These scenarios only generate one Benders cut and will not be solved, which mitigates the
computational burden. All scenarios are clustered by repeating the above processes.

minf, =" (Spgur + i) (50)

Constraints (25)—(30) (51)

A similar process in the feasible subproblem will be repeated in the optimal subproblem for
clustering scenarios. Then, we first solve the following optimal problem under one scenario. After
the optimal solution is obtained, we can use Eq. (53) to calculate the CR for this scenario. Then,
all scenarios are screened to check whether they belong to this CR. Scenarios belonging to one CR
would be aggregated as one scenario. These scenarios only generate one Benders cut and will not be
solved, which mitigates the computational burden. All scenarios are clustered by repeating the above
processes.

C = Z(Zchi,qPG,-,s.,,, + Zwb) (52)
t i q w

Constraints (34)—(39) (53)
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Accordingly, dynamic scenarios cluster is applied in the existing stochastic unit commitment
solve process. Meanwhile, these scenarios are accurately clustered. It should be mentioned that the
proposed method can significantly reduce computational performance since in each subproblem, only
calculation rather than optimization is required by using multi-parameter programming.

3.2 Solution Procedures
Overall, the flowchart of the proposed stochastic unit commitment with dynamic scenarios
clustering is listed as follows:

1) Input relevant parameters.
2) Solve the master problem.

3) Select representative scenarios using multi-parametric programming. Solve the feasible sub-
problem under each scenario and generate corresponding Benders cut to the master problem.

4) Select representative scenarios using multi-parametric programming. Solve the optimal sub-
problem under each scenario and generate corresponding Benders cut to the master problem.

The flowchart of the proposed method is shown in Fig. 4.

Solve the unit commitment |
master problem

v

Cluster all typical scenarios using multi-
parametric programming

v
Solve feasible subproblem under typical Feasible
scenario Benders cuts
7'y
s
Yes

Cluster all typical scenarios using multi-
parametric programming
‘ Optimal
Benders cuts
A

Solve optimal subproblem under each
scenario

No

Optimal?

| Print dispatch strategy |

End

Figure 4: Flowchart of the proposed algorithm for proposed unit commitment

4 Case Studies

The proposed stochastic unit commitment with dynamic scenarios clustering is tested on a 6-bus
system [28] and the modified IEEE 118-bus system. The proposed method aims to cluster scenarios
in an accurate manner. Therefore, we compare the proposed method with the most popular clustering
method (i.e., the K-means method). We also compare the proposed method with the method without
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clustering approach to illustrate the accuracy. Three cases are designed to illustrate the effectiveness
of the proposed method:

Case I: The stochastic unit commitment with K-means scenarios clustering method.

Case II: The stochastic unit commitment without scenarios clustering method, i.e., 30 scenarios
are considered.

Case III: The proposed stochastic unit commitment with dynamic scenarios clustering method
based on multi-parametric programming.

4.1 6-Bus System

The topology of the 6-bus system is shown in Fig. 5. This test system consists of six buses, three
coal-fired generators, and two wind farms. We consider that the uncertain wind power satisfies the
Gaussian distribution. The Monte Carlo method is adopted to generate 30 scenarios. Each scenario
represents one potential power output of wind farm 1. These 30 scenarios are presented in Fig. 6
[29]. The K-means method cannot determine the number of clusters. In other words, we must first
provide the initial number of clusters to the K-means method. Then, the K-means method is applied
to cluster scenarios with the given initial number. We set the initial number of the K-means method as
5. Accordingly, after the K-means method is applied, thirty scenarios are clustered into five scenarios,
which are depicted in Fig. 7. The stochastic unit commitment would determine the unit commitment
schedule based on these 5 scenarios. The proposed method does not require a specific initial number
of clusters. Alternatively, it clusters scenarios based on the CR. The clustered scenario during the first
iteration is shown in Fig. 8. Only two scenarios rather than five scenarios can represent all these thirty
scenarios at the first iteration. Therefore, the proposed method can more accurately select scenarios
with respect to the system’s condition.

Bus2 Bus3
Wi
(1] + ® .
@_ Bus6
7 9
BUSI|I 6 | Bus5 T L3
3
@ =
3L
L2
Bus4 10
Ll

Figure 5: Topology of the 6-bus system
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Output scenarios of wind farm 1 (p.u.)

051

Time (h)
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Figure 6: Scenarios of Wind Farm 1 for describing uncertain wind power output

Clustered scenarios of wind farm 1 (p.u.)

0.5

Time (h)

Figure 7: Clustered scenarios of Wind Farm 1 after employing the K-means method

Clustered scenarios of wind farm 1 (p.u.)

0.5r

10
Time (h)

15

20

Figure 8: Clustered scenarios obtained by the proposed method

Table | compares the cost allocation in different cases. To check the robustness of these methods,

we fix the first stage decision (generator’ state) using the value obtained in these three cases and
check whether the first stage decision can balance the load in all thirty scenarios. If not, this scenario
is labeled as an infeasible scenario. As Case I only considers five scenarios rather than all thirty
scenarios, it has the lowest operation cost among these three cases. However, the clustering method
in Case I cannot accurately aggregate and select all representative scenarios. Accordingly, the unit
commitment schedule obtained in Case I is infeasible in seven scenarios. In Case 11, all scenarios are
considered, and the unit commitment is thus feasible in all scenarios. However, the robustness of Case
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IIis achieved at the expense of the economy since the overall operation cost of the proposed method is
larger than conventional stochastic unit commitment. Moreover, Case II has the worst computational
performance since it considers the most number of scenarios. Case I1I relieves the computation burden
compared with Case II as multi-parametric programming is applied to reduce the scenarios. Case 111
also achieves the same operation cost as that in Case II, and is feasible in all 30 scenarios, indicating
that the proposed method can accurately cluster scenarios.

Table 1: Cost (k$) allocations in different cases

Cases Overall operation  First stage cost Second stage ~ Number of infeasible  Solution

cost (k$) (k$) cost (k$) scenarios time (s)
1 52.5 11.8 40.7 8 16
II 56.8 13.3 43.5 0 80
111 56.8 13.3 43.5 0 23

Table 2 compares the committed generators in different cases. In this test system, we assume that
thirty scenarios are generated by the K-means method. Fewer generators are committed in Case I
since fewer scenarios are considered by the K-means method. However, less committed generators
cannot guarantee enough power supply when the wind power changes. In Case 11, more generators are
committed to ensuring power supply and accommodating renewable energy. Therefore, the robustness
of system operation is maintained at the cost of committing extreme generators. However, thirty
scenarios cannot accurately select enough representative scenarios, which could result in a power
imbalance. Compared with Case II, more generators are committed in Case 11T owing to the accurate
scenario clustering technique based on the multi-parametric method. The proposed method can select
scenarios that have an impact on committed generators, thus resulting in the most accurate unit
commitment schedule.

Table 2: Committed units in different cases

Time Case | Case 11 Case 111
1 1 1 1
2 1 1 1
3 1 1 1
4 1 2 2
5 1 2 2
6 2 2 2
7 2 2 2
8 2 2 2
9 2 2 2
10 2 3 3
11 2 3 3
12 2 3 3
13 2 2 2
14 2 2 2

(Continued)
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Table 2 (continued)

Time

Case I

Case I1

Case 111

15
16
17
18
19
20
21
22
23
24

Pt e DN DD

—_ e e = = = DD DN DN DN

Pt e e e DN DN DN DN

EE, 2024

Table 3 compares the cost allocation with respect to a different number of scenarios. As the number
of scenarios increases, the total costs of all three cases are increased. The total costs of Cases 11
and III are higher than those of Case I since more scenarios are considered. On the other hand, the
computational time is increased when the number of infeasible scenarios is increased. The proposed
method enhances computational performance in all cases.

Table 3: Operation cost under different numbers of scenarios

Total scenarios Total cost ($) Computation performance (s)
Case 1 Case I1 Case II1 Case | Case I1 Case II1

30 52,565 56,874 56,874 16 80 23

40 53,421 58,412 58,412 22 98 32

50 55,829 61,534 61,534 28 113 41

60 58,423 65,783 65,783 50 142 64

Consider that there are sixty scenarios, six scenarios are clustered by the proposed method. Table 4
provides the generator output in different scenarios. The generator is re-dispatched after each scenario
to ensure the load balance in each scenario. In Scenario 1, the output of Generator 1 is reduced by
14.79 MW, while Generator 2’s output is increased by 7.23 MW. In Scenario 2, each generator output
is re-dispatched again to accommodate variable wind power. For instance, the generator number in
this case is increased rather than decreased in Scenario 1.
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Table 4: Generator output in different scenarios

Solution time (s)

Model Generator number
Normal state Scenario 1 Scenario 2
! mas By Goo
Proposed method P 60.18 Z_;‘ 123) (6—?_329 .
s v on

4.2 Modified IEEE 118-Bus System

The topology of the IEEE 118-bus system is presented in Fig. 9, which includes 118 buses, 186
transmission lines, and 54 generators. This system is modified by integrating 15 wind farms. The power
generation of these wind farms is adopted from reference [30]. We first generate 500 scenarios and
further use the K-means method and proposed method to cluster scenarios. One major drawback of
the K-means method is that the K-means method cannot determine the number of clusters. In another
word, we must first provide the initial number of clusters to the K-means method. Then, the K-means
method is applied to cluster scenarios with the given initial number. Accordingly, the initial number
is really important in stochastic unit commitment since a small initial number fails to represent all
scenarios, while a large initial number could result in a computational burden. In this section, we want
to illustrate that the proposed method cannot only determine the accurate cluster number but also
accurately select representative scenarios. Therefore, we set the initial cluster number for the K-means
method as 20, 50, and 80 scenarios, respectively, in Case II. The cost allocations of these three cases are
shown in Table 5. It can be observed that as the number of scenarios in Case II increases, the overall
operation cost increases. This is because the introduction of more scenarios increases the robustness of
the power system schedule. As a result, the number of infeasible scenarios is reduced. However, such
robustness is achieved at the cost of computational intractability. The solution time is significantly
increased as the number of scenarios is increased.

Case III adopted the proposed method to cluster all scenarios. The proposed method addresses
the drawback of the K-means method since it clusters scenarios by finding CRs. The number of CRs is
determined by solving the programming problem via multi-parametric programming. Therefore, the
proposed method does not require the initial number of clusters. By applying the proposed method to
cluster 500 scenarios, 37 scenarios are obtained. Case III achieves the same results as Case I1 with 80
scenarios, indicating that 37 scenarios rather than 80 scenarios are enough to represent all scenarios,
thus reducing the computational burden. Moreover, the proposed method is more robust compared to
the K-means method with 50 scenarios. This is because the K-means method fails to cluster those
scenarios that have impacts on the unit commitment schedule. Additionally, some representative
scenarios in the K-means have the same impact on the unit commitment schedule, and the K-means
method fails to cluster these scenarios as one scenario.
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Figure 9: Topology of modified IEEE 118-bus system
Table 5: Cost (k$) allocations in different cases
Cases Numbers of Overall operation Number of Solution time
scenarios cost (k) infeasible scenarios (s)
II 20 4,270.7 57 587
II 50 4,741.5 19 1,923
11 80 4,938.2 0 3,448
111 37 4,940.3 0 1,588

Table 6 provides the number of hourly committed generator units in different cases. Similar
numerical results are found in this test system. Fewer generators are committed in Case I since fewer
scenarios are considered by the K-means method. In Case II, more generator units are committed to
ensure system load balance. The committed generators in Cases II and III are the same, illustrating
the effectiveness of the proposed method in enhancing system load.
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Table 6: Number of hourly committed units in different cases

Time Case 1 Case Il Case III
1 12 14 14
2 12 15 15
3 12 15 15
4 12 15 15
5 12 14 15
6 12 15 15
7 13 17 19
8 15 15 17
9 15 16 16
10 15 16 16
11 16 16 16
12 16 16 16
13 16 16 16
14 16 16 17
15 16 16 18
16 16 16 18
17 16 16 18
18 16 17 17
19 16 17 17
20 16 16 17
21 15 16 16
22 15 16 16
23 12 13 13
24 12 13 13

5 Conclusions

In this paper, the stochastic unit commitment with dynamic scenario clustering based on multi-
parametric programming and Benders decomposition is provided. First, similar to conventional
two-stage unit commitment, the proposed stochastic unit commitment is solved via the Benders
decomposition, which decouples the primal problem into the master problem and two types of sub-
problems. Then, we innovatively embed the scenario clustering approach in the Benders decomposition
process using multi-parametric programming. The combination of Benders decomposition and multi-
parametric programming clustering approach could accurately cluster scenarios that have the same
impact on the unit commitment schedule. Therefore, the proposed method is more accurate than
conventional cluster methods since they fail to consider the unit commitment schedule while clustering.
Simulation results tested on the 6 bus-system and modified IEEE 118-bus system are conducted to
illustrate the validity of the proposed method. Compared with the conventional clustering method,
the proposed method can accurately select representative scenarios, thus guaranteeing the robustness
of unit commitment. Moreover, compared with the conventional method, the proposed method could
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mitigate computational burden while maintaining the same robustness level. Our future work will
consider stability constraints in the unit commitment and multi-stage robust unit commitment with
an accurate scenarios clustering approach. Our future work will also focus on improving the scalability
of the proposed method.
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