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Quasi-deterministic Proxy for Network-constrained
Stochastic Unit Commitment

Xuan Liu, Member, IEEE, and Antonio J. Conejo, Fellow, IEEE

Abstract—We propose a quasi-deterministic proxy for the net-
work-constrained stochastic unit commitment (SUC) problem.
The proposed proxy can identify very similar commitment deci-
sions as those obtained by solving the SUC problem with a
large scenario set. Its computational performance, though, is
close to that of a deterministic unit commitment problem. The
proposed proxy has the same formulation as the SUC problem
but only includes one or two envelope scenarios, generated
based on the original scenario set. The two envelope scenarios
capture the maximum and minimum net-load conditions in the
original scenario set. We use a systematic method to assess the
quality of commitment decisions obtained by the proposed proxy.
The considered case study is based on the Illinois 200-bus system.

Index Terms—Deterministic proxy, network-constrained unit
commitment, mixed-integer linear programming, stochastic pro-
gramming, uncertainty.

NOMENCLATURE

A. Indices and Sets

4, Set of thermal generating units located at bus »

4y Set of weather-dependent generating units locat-
ed at bus n

A Set of nuclear generating units located at bus n

A, Set of buses connected to bus n

E Set of decision variables, &=5's%e|)gtee
= Istage = 2stage S S
Flstage _ {Vjt’yjﬂzjt}’ Fee = {pjrw’pt\';iu 7dnl;w’0ntw}

v, Feasibility set regarding minimum-up-time and
minimum-down-time constraints of generating
unit j

w Index for scenarios in set Q

i Index for weather-dependent generating units in
set [

J Index for thermal generating units in set J
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) Index for nuclear generating units in set L
n,m Indices for buses

t Index for time periods in set 7= {1,2,...,|T|}

B. Parameters

Ty Probability of occurrence of scenario w

B, Susceptance of transmission line connecting bus-
es n and m (S)

ct Load-shedding cost ($/MWh)

¢ Variable cost of weather-dependent generating

unit i ($/MWh)

C,[-J, C,I-) Start-up and shut-down costs of unit j ($)

it No-load cost of unit j ($)

¢/ Variable cost of unit j ($/MWh)

D, Power demand at bus n in hour ¢ in scenario w
MW)

n Index number of reference bus

F;m Transmission capacity of line connecting buses n
and m (MW)

I_Dj,l_’/. The maximum and minimum power outputs of

' unit j (MW)

Pis Power output of weather-dependent unit i in hour
t in scenario @ (MW)

P}ni Power output of unit j at initial time of planning
horizon (MW)

2 Power output of nuclear unit / in hour ¢t (MW)

R’,R?  The maximum ramp-up and ramp-down rates of
unit j (MW/h)

SY,8”  The maximum start-up and shut-down rates of
unit j (MW)

V,i-m Commitment status of unit j at initial time of
planning horizon, equal to 1 if online, and 0 oth-
erwise

C. Variables

0 v Voltage angle of bus n in hour ¢ in scenario w
(rad)

ds Load shedding at bus n in hour ¢ in scenario
MW)
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oS Power spillage of weather-dependent generating
unit 7 in hour 7 in scenario @ (MW)

Piies Power produced by unit ;j in hour ¢ in scenario w
MW)

Vi Commitment status of unit j in hour ¢, equal to 1
if on, and 0 otherwise

Vit Start-up status of unit j in hour ¢, equal to 1 if it
starts up at beginning of hour ¢, and 0 otherwise

z, Shut-down status of unit j in hour ¢, equal to 1 if
it shuts down at beginning of hour ¢, and 0 other-
wise

1. INTRODUCTION

N current practice, the power system operator solves a de-

terministic unit commitment (UC) problem to schedule
units by inputting a point forecast of net-load. However, the
unit scheduling obtained from such an approach can be ei-
ther too conservative or insecure [1]. To address this issue
and making more effective commitment decisions (in terms
of cost and security), a stochastic unit commitment (SUC)
problem can be used [2]. The SUC problem characterizes un-
certainties via scenarios [3]. We note that a sufficiently large
scenario set is required to obtain quality commitment deci-
sions that ensure system security while being economically ef-
ficient [4], [5]. However, computational burden (an eventual
intractability) is the bottleneck of using the SUC problem in
practice.

To drastically reduce the computational burden of a SUC
problem while obtaining high-quality commitment decisions,
we propose an effective quasi-deterministic UC proxy. The
proposed proxy obtains very similar commitment decisions
as those from the SUC problem, while its computational bur-
den is close to that of a deterministic UC problem.

Methods to reduce the computational burden of the SUC
problem include decomposition, scenario reduction, and re-
laxation of integer variables.

A parallel Lagrangian relaxation method is proposed in
[6] to solve the network-constrained SUC problem. Refer-
ence [7] compares the unit-based and scenario-based decom-
position methods. A hybrid decomposition method based on
the Benders framework is proposed in [8]. Reference [9] de-
velops a stochastic dual dynamic integer programming based
decomposition algorithm to solve the multi-stage SUC prob-
lem. An adaptive robust optimization model is proposed in
[10] to obtain commitment decisions that satisfies the worst
scenario. Reference [11] proposes two parallelization and de-
composition schemes to speed up a hybrid UC problem that
combines both stochastic and robust optimization features.

Regarding scenario reduction, [12] proposes a scenario
mapping method to add sufficient ramping information into
a reduced scenario set. Reference [13] proposes a scenario
reduction method to eliminate low probability scenarios and
bundle similar scenarios. Reference [14] uses a sample aver-
age approximation method to speed up the solution proce-
dure. References [15], [16] provide comparisons of different
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scenario reduction methods.

Data-driven relaxation of integer variables is used in [8]
and [17]. Reference [18] uses a heuristic genetic algorithm
to solve the SUC problem. Such a method generally requires
an additional repairing step to ensure the feasibility of com-
mitment decisions regarding physical constraints.

Additionally, [19] proposes to add probabilistic reserve
constraints into the deterministic UC problem [19]. Refer-
ence [20] proposes a frequency-constrained SUC problem.
To reduce its computational burden, they linearize frequency
nadir constraints.

Interval optimization for the SUC problem is used in [21].
However, an iterative procedure is required to find upper
and lower bounds of the optimal solutions [22]. Reference
[23] proposes a hybrid model that combines stochastic pro-
gramming and interval optimization to improve solution ac-
curacy of commitment decisions while reducing the computa-
tional burden.

In recent years, data-driven (learning) methods have been
proposed to address the computational challenge of SUC prob-
lems [24], [25] and network-constrained UC problems [26] -
[29]. These methods speed up the solution procedure by par-
tially fixing binary variables and eliminating redundant in-
equality constraints in the original problem using different cri-
teria. Such methods are effective but require extensive training
or iterative solution processes. Moreover, [30] provides a sta-
tistical method to reduce the number of stochastic variables in
the SUC problem to ease its computational burden.

The objective of an SUC problem is obtaining optimal com-
mitment decisions. Focusing on this, we note that the extreme
scenarios are key to the SUC solution. Considering the litera-
ture review above, the contributions of this paper are:

1) To propose a quasi-deterministic proxy for the network-
constrained SUC problem. Such proxy can identify very sim-
ilar commitment decisions as those obtained from solving
the stochastic UC problem, being its computational perfor-
mance is close to that of a deterministic UC problem.

2) To obtain two envelope scenarios from the original sce-
nario set through a simple and interpretable approach. The
generated envelope scenarios are composed of data from the
original scenario set. Such scenarios include critical informa-
tion that allows the SUC problem to make effective commit-
ment decisions.

3) To experimentally verify that the commitment decisions
obtained using the proposed proxy are generally feasible for
all scenarios.

4) To use out-of-sample techniques to characterize the
quality of the commitment decision obtained from the pro-
posed proxy.

The remainder of this paper is organized as follows. Sec-
tion II provides the formulation of the network-constrained
SUC model considered in this paper. Section III describes
the envelope (extreme) scenarios and the quality metrics con-
sidered. Section IV illustrates the main features of proposed
proxy using a simple example. Section V provides simula-
tion outcomes using the Illinois 200-bus system. Section VI
draws some conclusions.
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II. FORMULATION OF NETWORK-CONSTRAINED SUC
MODEL

The SUC model using a DC power flow description is de-
scribed in (1), which minimizing the objective function (1a)
subject to the first-stage logical conditions (1b)-(1le) and the
second-stage operating conditions (per scenario) (1f)-(1n).

: NL U D \%
m:m E{E(CJ Vjt+cf yﬂ+cj ij) +zﬂ:w [zcj pjta)+
- t J 2] J

chv(pzfu—psz)] > d (1a)
s.t.

vj,,_l—vj,+yjt—zﬂ=0 Vj, V't (1b)
Vo=V V) (1¢)
{vﬁ,yﬂ,zﬂ} eV, VjVt (1d)
Vi Vs Zjt € {0,1} V},Vt (le)

Ep,-,w+ > pi-pis)+ D.ph =

jed! iedV leAY

—dS 4 ELB o= O) VM VEY @ (1f)

med,

Pvﬂ_p/m_Pj i Vi, Vt,Vo (1g)
pjt(u_pj,t—l.ng['ij,t—l+S'ijt Vi, Vt,Vo (1h)
Piito—Piw<R’v,+SPz, Y ViVao (1i)

0<pS<p¥ Vi VtVo (13)
0<d"S<D, VnVtVo (1k)
B,,m(em—em,w)sﬁtm VnVmed . Vivo (1)
0,,=0 n=n"" ViV (Im)

Prow=p" VjVo (In)

The objective function (1a) includes: (D first-stage schedul-
ing costs (no-load, start-up, and shut-down); 2) second-stage
cost (expected production cost); and ) load-shedding cost.

In the first stage, constraint (1b) enforces the running logic
of each thermal generating unit. Constraint (1c) sets the initial
status of each thermal unit. Constraint (1d) enforces the mini-
mum up and down time requirements. Constraint (1e) declares
that the commitment variables are binary.

In the second stage, constraint (1f) states the power bal-
ance per bus, hour, and scenario. Constraints (1g)-(1i) en-
force the capacity and ramping limits for thermal generating
units per hour and scenario. Constraint (1j) bounds the gener-
ation spillages per weather-dependent unit, hour, and scenar-
io. Constraint (1k) limits the load-shedding amounts per de-
mand, hour, and scenario. Constraint (11) imposes capacity
limits on transmission lines per hour and scenario. Constraint
(1m) sets the voltage angle of the reference bus to zero per
hour and scenario. Constraint (1n) enforces the initial power
output of each thermal unit per scenario.
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III. SOLUTION PROCEDURE

In this section, we describe the envelope scenarios consid-
ered and the quality metric used.

A. Envelope Scenarios

For each time period, we identify two scenarios: the one
with the highest net-load and the one with the lowest net-
load, and save the corresponding nodal demand and weather-
dependent generation data into two new scenarios. This is
the way in which the two envelope scenarios are obtained,
which is illustrated in Algorithm 1.

Algorithm 1: obtaining envelope scenarios

1: Input: demand and weather generation data: (D2,.pir ), w € Q*
2: Calculate the system net-load D"

D= ZDW zp,m

3: for t=1to T do
4: Find the scenarios representing the maximum and minimum system net-
loads:

Vo e QM Vi

o = argmax D"

tw
®

@ = arg min D"
5: Save the demand and weather generation data into two new scenarios
corresponding to the upper and lower bounds of the envelope, respec-

tively.
For the upper envelope scenario:
DE,, —DnA,w Vn
pla=pl Vi
For the lower envelope scenario:
DE, )= Df,\, » Vn
Ploa=Plie Vi

6: end for
7: Output: demand and weather generation data for the envelope scenari-

(PE W WE
0s: (Dn.r.hpi.r.l) and ( an’plrl

We note that for each time period, the system net-load of
the upper/lower envelope scenario is equal to the maximum/
minimum net-load among all scenarios in Q*. Figure 1 pro-
vides an illustrative example of the envelop scenarios. The
gray lines correspond to the net-load curves for all scenarios
in Q* The red line with triangle symbols identifies the net-
load curve of the upper envelope scenario. The orange line
with cross symbols identifies the net-load curve of the lower
envelope scenario.

20001 .
—a—Upper envelope scenario

Lower envelope scenario

15001

10001

Net-load (MW)

500F

0 5 10 15 20 25
Time (hour)

Fig. 1. Envelope scenarios.
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B. Solution Quality Metric

For sake of comparison, we consider four problems.

1) Problem A: Problem (1) with the original scenario set Q*.

2) Problem B: Problem (1) with the average scenario.

3) Problem C: Problem (1) with the upper envelope scenar-
io.

4) Problem D: Problem (1) with the two envelope scenari-
0s.

Problem A is a standard SUC problem, and this is the
benchmark problem. Problems B and C are deterministic UC
problems. The average scenario used in Problem B is the
mean of all scenarios in the original scenario set Q*. Prob-
lem D is a quasi-deterministic UC problem. This problem
has the same structure as the SUC problem, while its compu-
tational performance is close to that of a deterministic UC
problem.

To comprehensively assess the quality of the commitment
decisions obtained by Problems B, C, and D, we use both in-
sample and out-of-sample analyses, as follows.

1) In-sample Analysis

The solution quality is measured by the similarity of the
commitment decisions obtained from Problems B, C, and D
with those obtained from Problem A. To mitigate the distur-
bance caused by the presence of multiple very similar com-
mitment solutions and to compare commitment decisions
fairly, we use the following steps for each instance:

Step I: solve Problem A. Obtain the total cost (¢*) and
load-shedding amount, as the benchmark.

Step 2: solve Problem B, C, or D, and obtain the commit-
ment decisions.

Step 3: solve Problem A fixing binary commitment deci-
sions as the values obtained in Step 2. Obtain the total cost
(c®) and the load-shedding amount.

Step 4: calculate the relative cost difference Gap=
(cF—ct )/CA.

We assess the quality of the commitment decisions ob-
tained from Problems B, C, and D via the total cost gap and
load-shedding difference. Regarding cost gap calculation, we
do not include load-shedding cost since it is reported sepa-
rately. Costs ¢* and ¢ include both the scheduling and ex-
pected production costs. Note that Steps /-3 use the same
initial values [25].

2) Out-of-sample Analysis

For the out-of-sample analysis, we select or generate out-of-
sample scenarios and, based on them, solve multi-period eco-
nomic dispatch problems using the commitment decisions ob-
tained from solving Problems A, B, C, and D. Then, we com-
pare the production cost, load-shedding, and ramping viola-
tions of each case.

IV. ILLUSTRATIVE EXAMPLE

In this section, we use a single-node system to illustrate
the rationale of the proposed proxy. For the sake of clarity,
this example spans two periods.

A. Data

This system is composed of three thermal generating
units, a wind unit, and a single demand. For sake of clarity,
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we neglect transmission constraints in this example. The sys-
tem diagram is shown in Fig. 2. We use the same technical
limits for the three thermal generating units, as shown in Ta-
ble I. The initial statuses and variable costs for the three ther-
mal generating units are provided in Table II. The start-up,
shut-down, and no-load costs for each unit are $10, $5, and
$2, respectively. The variable cost for the wind unit is 0.01
$/MWh. The load-shedding cost is 100 $/MWh.

Thermal generating

Wind unit units 1-3
Demand
Fig. 2. Diagram of single-node system.
TABLE I

TECHNICAL DATA FOR THERMAL GENERATING UNITS

Parameter Value
P, P; (MW) 0,2
SV, SP (MW) 11

R}, RY (MW/h) 1,1

TABLE I
INITIAL STATUSES AND VARIABLE COSTS FOR THERMAL GENERATING UNITS

Unit () v Pt (MW) ¢} ($/MWh)
1 1 1 1.1
2 0 0 12
3 0 13

To illustrate the features of the proposed proxy, we consid-
er two representative cases. In each case, the original scenar-
io set includes two scenarios. Table III provides the demand
and wind generation data for each scenario in all cases. In
Table III, the third and fourth columns provide system de-
mands during periods 1 and 2. The fifth and sixth columns
provide wind generation data.

TABLE III
DEMAND AND WIND GENERATION DATA

Demand (MW) Wind generation (MW)

Case Scenario
Period 1 Period 2 Period 1 Period 2
| 1 6 5 5 2
2 4 4 1 3
1 5 7 2 4
I
2 5 5 5 2

B. Outcomes

Following Algorithm 1, we first compute the system net-
load for all scenarios, as shown in Table IV. Note that dur-
ing period 0, the system net-load is consistent with the ini-
tial status of thermal generating units. Then, based on that,
we generate envelope scenarios for all cases.
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TABLE IV
SYSTEM NET-LOAD
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TABLE VI
SOLUTIONS TO COMMITMENT DECISIONS IN CASE I

. System net-load (MW) . Problems A, C, and D Problem B
Case Scenario - - - Unit - - - -
Period 0 Period 1 Period 2 Period 1 Period 2 Period 1 Period 2

| 1 1 1 3 1 1 1 1 1
2 1 3 1 2 1 1 0 0
I 1 1 3 3 3 0 0 0 0

2 1 0 3

2) Case Il
1) Case I Figure 4 provides the net-load curves of the original and

In the original scenario set of Case I, scenario 2 has the
highest net-load during period 1, while scenario 1 has the
highest net-load during period 2. Thus, in the upper enve-
lope scenario, during period 1, we use the demand and wind
generation data from scenario 2; while during period 2, we
use the data from scenario 1.

Table V provides the demand and wind generation data in
Case 1. The first row gives the data for the average scenario.
The second and third rows provide the data for the first and
the second envelope scenarios, respectively. Figure 3 shows
net-load curves of the original and generated scenarios in
Case 1. The gray solid and dashed lines correspond to the
net-load curves for the original scenarios. The green line rep-
resents the net-load curve of the average scenario. The red
and orange lines are the net-load curves for the upper and
the lower envelope scenarios, respectively.

TABLE V
DEMAND AND WIND GENERATION DATA IN CASE I

Demand (MW) Wind generation (MW)

Scenario - - - -
Period 1 Period 2 Period 1 Period 2
Average 5 4.5 3 2.5
Upper envelope 4 5.0 1 2.0
Lower envelope 6 4.0 5 3.0
. —- Average scenario
4r o Scenar 10 1 Ara Upper envelope scenario
~ | ~*Scenario 2 ~ _| - Lower envelope scenario
3} z 3t
= 2 = 2+
2 = RN
2 1 21
1 J 1 J
0 1 2 0 1 2
Period Period
(a) (b)

Fig. 3. Net-load curves of scenarios in Case I. (a) Original scenarios. (b)
Generated scenarios.

Using the original and generated scenarios, we solve Prob-
lems A-D. Table VI provides the solutions obtained by solv-
ing each problem. We note that the commitment decisions
obtained by solving Problem C (using the upper envelope
scenario in Table V) and Problem D (using the upper and
lower envelope scenarios) are identical to the ones obtained
by solving Problem A. On the contrary, the solution obtained
by solving Problem B (using the average scenario) commits
less units. Such a solution is not secure since it cannot satis-
fy the system demand in each of the two original scenarios.

generated scenarios in Case II. We note that in the original
scenario 2, the system has a significant ramp-up requirement
between periods 1 and 2. Such a requirement needs three
generating units on line. The lower envelope scenario cap-
tures this requirement, while the upper envelope scenario
does not.

_ —~ Average scenario
-&-Upper envelope scenario
—« Lower envelope scenario

N

4 —e—Scenario 1
—+—Scenario 2

W
T
W

Net-load (MW)
)
Net-load (MW)
(')

—
—_
S

Period

1
Period
(@) (b)

Fig. 4. Net-load curves of scenarios in Case II. (a) Original scenarios. (b)
Generated scenarios.

Table VII provides the solutions obtained by solving Prob-
lems A-D. We note that commitment decisions obtained by
solving Problems A and D are identical, while the ones ob-
tained by solving Problem C commit a lower number of
units.

TABLE VII
SOLUTIONS TO COMMITMENT DECISIONS IN CASE II

. Problems A and D Problem B Problem C
Unit Period 1  Period 2 Period 1 Period 2 Period 1 Period 2
1 1 1 1 1 1 1
2 1 1 0 1 1 1
3 0 1 0 0 0 0

From Cases I and II, we note that the upper envelope sce-
nario captures critical information for the system, the highest
net-load requirement. On the other hand, the lower envelope
scenario extracts the key information to integrate renewable
production, the system ramping requirements.

Solving Problem C results in a secure solution that com-
mits sufficient units to satisfy the system demand. If the re-
newable generation fluctuates slightly in the original scenar-
io set, like in Case I, the commitment obtained by solving
Problem C is identical to that obtained by solving Prob-
lem A.

On the contrary, if the renewable generation fluctuates sig-
nificantly in the original scenario set, like in Case II, the
commitment obtained by solving Problem C is different
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from that obtained by solving Problem A. Such a commit-
ment is secure but lacks system ramping capability, which
may lead to renewable generation curtailment and higher op-
erating cost. Under such circumstances, the commitment ob-
tained by solving Problem D is more effective to integrate
renewable generation by committing additional units to pro-
vide appropriate system ramping capability.

V. CASE STUDY

In this section, we test the performance of the proposed
proxy using a modified version of the Illinois 200-bus sys-
tem [31]. Problems A, B, C, and D are solved using CPLEX
[32] under JuMP [33] on a server with an Intel Xeon E5-
2680 processor clocking at 2.50 GHz with 60 GB of RAM.

A. Data

1) System Structure

The Illinois 200-bus system is a synthetic power system
[31]. In the simulation, we increase the wind generation ca-
pacity to enhance system uncertainty. The capacity percentag-
es of thermal, wind, and nuclear generating units are 59.8%,
28.2%, and 12.0%, respectively. The DC network data are
obtained from [34].
2) Wind and Demand Scenarios

We obtain the demand data from [31] and historical wind
generation data from the System Advisor Model (SAM)
[35]. Following the scenario generation method in [25], we
generate 20 realistic scenarios spanning a month. The first
10 scenarios constitute a large scenario set Q* for the in-
sample analysis. The other 10 scenarios compose a testing
set for the out-of-sample analysis. Figure 1 shows the net-
load curves of scenarios in set 2* for one day. Figure 5 pres-
ents the wind generation ratio for the same day. The
gray lines are wind generation ratios among all scenarios
in ©Q* The red and orange lines represent the wind gen-
eration ratios of the upper and lower envelope scenarios, re-
spectively.

80 —a—Upper envelope scenario
Lower envelope scenario
’/
60+ |
S
2 40r
)5
=4
20+
0 5 10 15 20 25
Time (hour)
Fig. 5. Wind generation ratio.

B. Simulation Outcomes

We carry out in-sample and out-of-sample analyses over a
month (four weeks), which includes 28 instances. To obtain
the solution to Problem A in a reasonable time, we set the
mixed-integer programming (MIP) solver tolerance as 0.1%
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and limit the solution time to 2 hours per instance. For a fair
comparison, we use the same criteria to solve Problems B,
C, and D.

In the benchmark solution, the system exhibits a slight net-
work congestion, as shown in Fig. 6. Figure 6(a) provides
the average number of congestion lines among all scenarios
for the 28 instances (1 month) on an hourly basis. We note
that congestion mainly occurs during peak hours. Figure
6(b) provides the maximum number of congestion lines over
all scenarios in a single hour for each day.

25¢
2.0F

1.5¢

Number of congestion lines

1.0+ ‘”( / \"4 ,"44%\\\\\;-.‘;\\
N ( AN "P‘Q‘\\
KR
0 5 10 15 20 25
Time (hour)
()

4 — — —— —
‘e 3F M amtl |l e M sllim
2
5
g2 Al
5]
kS
o3
Fg lV’, _ HH ’,

E
Z
0 4 8 12 16 Zb 2.4 28
Day
(b)

Fig. 6. Network conditions. (a) Number of congestion lines. (b) The maxi-
mum number of congestion lines.

1) In-sample Analysis

The solution quality comparison for Problems B, C, and
D is provided in Table VIII. The second column lists the
number of scenarios included in the corresponding problem.
The third column presents the average solution time for each
problem in seconds. The fourth column provides the time
saving for solving Problems B, C and D as compared to
solving the benchmark problem (Problem A). The fifth col-
umn presents the average absolute cost gap among all in-
stance. The sixth column provides the maximum absolute
cost gap among all instances. The last column provides the
ratio of instances whose gap is smaller than 0.01%. Due to
this small discrepancy, those solutions can be considered
equal. Comparing to the benchmark case, solving Problems
B, C and D saves 98%, 94%, and 81% of solution time, re-
spectively. Problem B saves significant solution time,
while its solution quality is low. Problem D requires lon-
ger solution time than Problem C, while Problem D can
obtain a higher number of solutions equal to the benchmark
ones.
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TABLE VIII
SOLUTION QUALITY COMPARISON

Prob Number Soluti Time Average The maxi- |Gap| less
12(;1- of t?nlllel?sr; saved |Gap| mum |Gap| than 0.01%
scenarios (%) (%) (%) (%)
A 10 2507
B 1 44 98 6.25 16.52 0
C 1 159 94 0.02 0.10 64
D 2 476 81 0.01 0.09 75

Figure 7 illustrates the quality of commitment decisions
obtained from Problem D for each instance. In Fig. 7(a),
the blue line represents the cost gap. For each instance, a
positive or negative gap indicates that the commitment deci-
sion obtained from Problem D is inferior or superior to the
one obtained from Problem A. For reference, we plot the pre-
set CPLEX tolerance of 0.1% as red dashed line. The green
and red solid lines are the relative MIP gaps (final gaps) re-
turned from the solver after solving Problems A and D, respec-
tively. The instances with final gaps beyond CPLEX tolerance
are stopped due to reaching the 2-hour solving time limit. Fig-
ure 7(b) shows the difference in the amount of load-shedding.
We note that using the commitment decisions obtained from
Problem D results in very small load-shedding difference.

0.4, —e—Cost gap (Problem D) A
----CPLEX tolerance

0.3 — Final gap (Problem A) I
— Final gap (Problem D) ‘ ‘

0.2} \ A [

0k
0L ...
0.2 L L L L L )
0 5 10 15 20 25 30
Day
(a)
100 Problem B
— ——Problem D
=
g 80+
o0
=)
£
zi 601
)
<
=t
= 40+
3
5
& 20+
5
0 5 10 15 20 25 30
Day
(b)

Fig. 7. Solution quality of commitment decisions. (a) Cost gap and final
gap. (b) Difference in load-shedding.

Figure 8 provides a comparison of commitment decisions
obtained from Problems A and D for days 23 and 24. The
red blocks and black crosses represent the online units based
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on the solution obtained by Problems A and D, respectively.
The gray blocks represent wind and nuclear generating units.
Problem D is selected here due to its higher accuracy. In
Fig. 7(a), we note that the cost gaps for most days are very
small. However, the commitment decisions from the two prob-
lems are not the same. This is caused by the fact that the prob-
lem has multiple solutions that are very similar in cost.
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Fig. 8. Commitment decisions. (a) Day 23. (b) Day 24.

2) Out-of-sample Analysis

Using the commitment decision obtained from Problems
A, B, C, and D in the previous in-sample analysis, we solve
the corresponding multi-period economic dispatch problem
[25] with the out-of-sample scenario set for a whole month.
Then, we compare the performance of such commitment de-
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cisions via total costs (scheduling cost and production cost),
load-shedding amount, and ramping violations.

Table IX provides the simulation results. In this table, the
first column identifies the problem solved to obtain the com-
mitment decisions. The second column gives the average to-
tal cost for all instances over all scenarios. The third column
provides the average load-shedding amount over all instanc-
es and all scenarios. The last two columns provide ramp-up
and ramp-down violations on average.

TABLE IX
SIMULATION RESULTS OF OUT-OF-SAMPLE ANALYSIS

Commitment  Total cost ~ Load-shed- l\ji)lig;i-(l)lg Riﬁ;ﬁgggn

decision from (10° $) ding (MW) (MW) (MW)
Problem A 5.4067 0.021 0.012 0.015
Problem B 5.0709 1.400 0.559 0.337
Problem C 5.4091 0.020 0.012 0.011
Problem D 5.4065 0.021 0.012 0.016

We note that the total cost is almost the same by using
commitment decisions obtained from Problems A and D. Us-
ing the commitment decisions obtained from Problem C re-
sults in slightly higher cost but lower load-shedding. This is
so because the solution of Problem C commits slightly more
units to meet the upper envelope scenario. On the other
hand, we note that most ramping violations occur at the be-
ginning of the day (hours 1-2) and during the periods before
peak hours when the net-load ramps up (hours 15-18). These
violations, which are minor, are caused by the initial status
of the units prior to hour 1 (hours 1-2), and an insufficient
number of available online units before peak hours to meet
the system ramping-up needs (hours 15-18). We emphasize
that the load-shedding amount and ramping insufficiency are
minor and can be easily corrected by the operator.

VI. CONCLUSION

This paper proposes an effective quasi-deterministic proxy
for the SUC problem with DC network constraints. By solv-
ing the proposed proxy with envelope scenarios, we can ob-
tain commitment decisions almost identical to those obtained
by solving the SUC problem, but using significantly less
time. From the numerical experiment, the conclusions below
are in order.

1) Solving the deterministic UC with just the upper enve-
lope scenario generally results in a relatively conservative
unit schedule that satisfies the demand, while having a slight-
ly higher cost than that of the SUC. Such a schedule com-
mits sufficient online generation capacities to satisfy system
security requirements. This security information is embedded
in the upper envelope scenario that represents an extreme op-
erating condition with very limited renewable generation.

2) Solving the quasi-deterministic proxy with the two en-
velope scenarios generally results in a very accurate unit
schedule that provides sufficient security at the minimum
cost. Such a schedule effectively incorporates renewable gen-
eration by internalizing system ramping requirements, there-

JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 13, NO. 4, July 2025

fore reducing operating costs. This ramping requirement in-
formation is embedded in the lower envelope scenario.

3) The commitment decisions obtained by the proposed
proxy do not result in infeasibility issues. From the in-sam-
ple and out-of-sample analyses, we conclude that the pro-
posed proxy can quickly produce very similar commitment
decisions as those obtained from the SUC problem, and is re-
silient to network congestion.

Overall, the solution time of the proposed quasi-determin-
istic proxy is very close to that of a deterministic UC prob-
lem. The commitment decisions obtained from the proposed
proxy are very similar to the ones obtained from the SUC
problem. The proposed quasi-deterministic proxy can be easi-
ly implemented in current operation and planning software.
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