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Abstract—This paper proposes a method based on affine
arithmetic (AA) to solve the unit commitment (UC) problem, considering load and renewable energy (RE) uncertainties. The main
idea is to formulate an AA-based constrained multi-objective
problem that not only provides a robust commitment solution,
but also provides confidence intervals for active powers and
operating costs, as well as dispatch solutions for all possible load
and RE generation realizations for the predetermined uncertainty
bounds. Moreover, the AA-based UC (AAUC) approach allows
to explore solutions where the impact of the re-dispatch cost in
the total operation cost can be reduced by adjusting the objective
function weight values. The proposed approach can be used to
better estimate day-ahead energy prices and explore more costefficient solutions under uncertainty, as well as for real-time
dispatching. The AAUC approach is tested and compared against
stochastic optimization UC (SOUC), interval optimization UC
(IOUC), and Monte Carlo simulation (MCS) approaches, on a sixbus system and a modified IEEE 118-bus system. The simulations
results show that the proposed approach provides more accurate
confidence intervals for active power and operating costs than
IOUC, using MCS results as the benchmark, and has a better
computational performance than SOUC.
Index Terms—Affine arithmetic, interval optimization, multiobjective optimization, stochastic optimization, uncertainty, unit
commitment.

I. I NTRODUCTION
uncertainty in power systems has increased in recent
years due to the further integration of Renewable Energy
(RE) sources, demand response programs, and electric-vehicle
charging stations in the power grid. In order to reduce the
impacts of these uncertainties on system operation, power
system operators can make use of tools such as Unit Commitment (UC) to determine the most cost-efficient schedule of
generating units, which satisfies the system constraints (e.g.
power balance constraints, reserve constraints, transmission
capacity limits) and unit constraints (e.g. maximum/minimum
capacities, ramping up/down rate limits, minimum on/off
time requirements) [1]–[4], as well as yield the adequate
dispatchable generation to best hedge the system against these
uncertainties, as discussed in detail in this paper.
In Deterministic UC (DUC), load and renewable generation
are estimated by forecasting, while uncertainty is addressed
through reserve constraints which ensure enough generation
to achieve a reliable operation. However, since uncertainties
are not directly taken into account, this method can produces
too conservative or infeasible UC-dispatch solutions, due to

an overestimation or an underestimation of the uncertainty
in the forecast. In this context, methods such as scenario
based stochastic optimization, robust optimisation, and interval
optimisation have been proposed in the literature for UC under
uncertainty.
In the stochastic optimization UC (SOUC) approach [5]–
[8], the objective is to minimize the expected operating cost
with uncertainty being represented by a set of scenarios, which
are generated based on probability distribution functions (pdfs)
of the random variables (e.g. load, RE generation). The main
drawbacks of this approach are the need to accurately identify
pdfs, and the fact that feasibility is not guaranteed for all the
uncertainties, especially when scenario reduction techniques
are employed to decrease the computational burden [9].
The robust optimization UC (ROUC) approach [10]–[13]
aims to find the optimal UC which minimize the worstcase cost to safeguard the system against all realization of
uncertainty in a chosen range. However, this technique yields
conservative solutions for the chosen uncertainty interval, as
it optimizes for the worst scenario, which is a shortcoming of
this method [14]. A non-conservative robust UC formulation
is proposed in [15], where the base-case scenario is optimized
instead of the worst-case scenario, while ensuring feasibility
for all possible realization within the chosen uncertainty range.
In the interval optimization UC (IOUC) formulation [16],
[17], uncertainty is represented by confidence interval numbers
without considering pdfs. The objective in this approach is
to minimize the operation cost of the base case, or central forecast, while ramping-constraints between the central
forecast and the lower and upper bounds of two adjacent
operating periods are imposed, in order to ensure that the UC
is feasible for any scenario within the uncertainty confidence
interval. However, as demonstrated in this paper, the confidence intervals obtained for the active power dispatched by
each generator, based on optimistic and pessimistic scenarios,
tend to be too conservative compared to the actual realization.
Other studies reported in the literature have proposed
the combination of the aforementioned methods in order to
overcome some of their limitations. For instance in [18],
the stochastic and robust approaches are combined using
a weighted objective function which considers the costs of
both approaches; this technique provides less conservative
solutions than ROUC and more robust solutions than SOUC.

In order to achieve a balance between operating cost and
robustness, in [19], SOUC is implemented for the first few
hours of the optimization horizon, while IOUC is used for
the remaining hours. In [20], a hybrid Markovian and interval
optimization approach to solve the transmission-constrained
UC is proposed; in this case, uncertainty is modeled by states
instead of scenarios, reducing the complexity of the problem
when compared to scenario-based formulations.
Recently, Affine Arithmetic (AA), a self-validated computing technique, has been proposed for addressing uncertainty
in power systems [21]–[24]. The techniques proposed in these
papers are based on the property that AA allows to keep track
of the accuracy of the computed quantities without requiring
information about the type of uncertainty in the parameters
[25]; thus, pdfs are not required to obtained accurate and robust
solutions. Therefore, in this paper, a transmission-constrained
UC formulation is proposed based on the AA-based computing
framework proposed in [24], which allows the formulation
of a generic mathematical programing problem under uncertainty, based on a set of AA-based minimization, equality,
an inequality operators. The main idea is to simultaneously
minimize the base-case scenario cost and the corrective dispatch cost associated with the uncertainties, by solving a multiobjective optimization problem with continuous variables and
constraints modeled in an AA domain.
The main objectives and contributions of the current paper
can be summarized as follows.
• A novel UC solution approach based on AA is proposed,
which not only provides a robust UC solution, but also
provides robust ED solutions for all possible load and
RE generation realizations for predetermined uncertainty
bounds.
• The proposed approach is compared to IOUC and
SOUC techniques, demonstrating that the AA-based UC
(AAUC) approach provides more accurate confidence
intervals for active power and operating costs than IOUC,
using Monte Carlo Simulation (MCS) as the benchmark,
as well as more robust and computationally more efficient
solutions than SOUC.
The rest of this paper is organized as follows: Section II
briefly reviews the main AA definitions and operators of the
AA-based computing framework, as well as introducing the
DUC, SOUC and IOUC formulations. Section III discusses
the proposed AAUC model. In Section IV, a 6-bus system and
a modified IEEE 118-bus benchmark system are used as case
studies to asses and compare the performance of the proposed
method. Finally, Section V summarizes the main conclusions
and contributions of this paper.
II. BACKGROUND
A. Elements of AA
AA is a range analysis technique introduced in [26], which
handles both external (e.g. imprecise or missing input data,
uncertainty in the mathematical modeling) and internal (e.g.
round off and truncation errors) uncertainty sources. AA is

similar to standard Interval Mathematics (IM) [27], but this
paradigm provides narrower bounds in the computing process
by keeping track of correlations between the input and the
computed quantities [28]. In AA, each uncertain variable χ
has an affine representation χ̂, as follows:
χ̂ = χ0 + χ1 ε1 + χ2 ε2 + ... + χp εp

(1)

where χ0 is the central value of χ̂; εh , known as noise symbols, are p symbolic real variables assumed to be unknown but
bounded in the interval [-1,1], which represents an independent
component of the total uncertainty of the variable χ; and χh
are the coefficients defining the magnitude of the corresponding uncertainty components. One noise symbol can contribute
to the uncertainty of multiple quantities (e.g. inputs, outputs)
resulting from the evaluation of an expression; this sharing of
noise symbols results in some partial dependency between two
affine forms χ̂ and ψ̂, determined by the coefficients χh and
ψh [28].
In order to perform AA computations, it is necessary to
replace the elementary real-number operators by equivalent
mappings between affine forms. For linear functions, the
corresponding affine extension is obtained by expanding and
rearranging only the noise symbols characterising the affine
forms χ̂ and ψ̂. However, if the mapping is non-linear, the corresponding affine extension cannot be described by an affine
combination of the “primitive” noise symbols εh . Therefore, in
this case, it is necessary to identify an affine function, which
approximates the function reasonably well over its domain.
The reader is referred to [28] and [29] for further information
of the definition of affine and non-affine operations.
B. AA-based Constrained Optimization Problems
A new theoretical framework to solve uncertain optimization
problems based on AA is introduced in [24]. More specifically, this framework aims to solve the following non-linear
constrained optimization problem under data uncertainties
represented as affine forms:
min fˆ(ẑ)
ẑ

s.t.

ĝj (ẑ) = 0 ∀j ∈ J
ĥk (ẑ) < 0 ∀k ∈ K

(2)

where ẑ = (ẑ1 , ..., ẑNz ) represents the unknown affine form
of the state variables, which include both dependent and
control variables; fˆ is the affine, continuous and differentiable
function describing the problem objectives; and ĝj and ĥk
are continuous and differentiable affine functions representing
j th equality and k th inequality constraints, respectively, in the
respective sets J and K. To solve this optimization problem,
an extension into the affine domain of the minimization
operator and the main comparison operators <, >, ≤, ≥, and
= is proposed in [24]. The definition of these operators is
presented next, since they are important for the purpose of
the current paper. Further information about the derivation of
these operators can be found in [30].

A

Definition 1 (Similarity operator
Pp+pnafor affine forms ≈): Two
χh εh and ψ̂ = ψ0 +
affine
forms
χ̂
=
χ
+
0
h=1
Pp+pna
ψ
ε
are
similar
with
an
approximation
degree Łχ,ψ ,
h h
h=1
A

min

Pi,t ,xi,t ,SUi,t ,SDi,t

i.e. χ̂ ≈ ψ̂, if and only if:

XX
Fi (Pi,t )xi,t
t∈T i∈I

+
(
{χh = ψh

∀h ∈ (0, ..., p)} ∧

Łχ,ψ =

p+p
Xna

Cisdn SDi,t

+

Cisup SUi,t


(8)

)
|χh | + |ψh |

h=p+1

(3)
where εp+1 , ..., εp+pna are the noise symbols describing the
endogenous uncertainties, which are generated by approximations of pna non-affine functions (e.g. multiplications and
trigonometric functions); χp+1 , ..., χp+pna are the partial deviations representing the upper-bound of the corresponding
approximation errors, which can be computed by using the
expressions derived from the Chebyshev Theorem [28].

where Pi,t is the output power of unit i in the set of
dispatchable generators I, at time t in the time set T ; xi,t is the
scheduled state ON/OFF of unit i at time t; SDi,t and SUi,t
are binary variables indicating the shut-down and start-up
decision, respectively; and Cisdn and Cisup are the shut-down
and start-up cost of unit i, respectively. The function Fi (.)
accounts for the cost of each thermal unit using a piecewise
linear upper approximation of the convex cost curve.
The transmission-constrained UC is subject to the following
constraints :

A

Definition 2 (Inequality operator
Ppχfor affine forms <): Given
two affine forms χ̂ = χ0 + h=1
χh εh and ψ̂ = ψ0 +
Ppψ
A
h=1 ψh εh , then χ̂ < ψ̂, if and only if:
χ0 +

pχ
X

|χh | < ψ0 −

h=1

pψ
X

|ψh |

(4)

A
χ̂

p
X

fh (χ̂)εh +

(

p+p
Xna

fh (χ̂)εh

X

Bmb (δb,t − δm,t ) = Db,t

∀t ∈ T , b ∈ B

{b,m}∈L|m<b

f0 (χ0 , χ1 , ..., χp ),

Pimin xi,t ≤ Pi,t ≤ Pimax xi,t

(5)

∀t ∈ T , i ∈ I

(10)

Pi,t − Pi,t−1 ≤ Riup

∀t ∈ T , i ∈ I

(11)

Pi,t−1 − Pi,t ≤ Ridn

∀t ∈ T , i ∈ I

(12)

h=p+1

p+p
Xna

max
max
− Pl,bm
≤ Bbm (δb,t − δt,m ) ≤ Pl,bm

∀t ∈ T , {b, m} ∈ L (13)

)
δ min ≤ δb,t ≤ δ max

|fh (χ0 , χ1 , ..., χp )|

∀t ∈ T , b ∈ B

(14)

h=1

(6)
Based on (3), (4) and (6), the optimization problem (2)
can be solved by solving the following deterministic multiobjective constrained problem:
(
)
p+p
Xna
min
f0 (ẑ)),
|fh (ẑ)|
ẑ

s.t.

Bbm (δb,t − δm,t )

{b,m}∈L|m>b

(9)

is equivalent to the following deterministic multi-objective
programming problem:

min

X

h=1

h=1

(χ0 ,χ1 ,...,χp )

Pi,t + Wb,t −

i∈Ib

+

Definition 3 (Operator min): Given a differentiable, nonA
linearPfunction f : < → < and the affine form χ̂ =
p
χ0 + h=1 χh εh , then the following AA-based minimization
problem:

min fˆ(χ̂) = f0 (χ̂) +

X

ĝj (ẑ) ≈ 0
A

ĥk (ẑ) < 0

SUi,t + SDi,t ≤ 1
on/of f

h=1
A

SUi,t − SDi,t = xi,t − xi,t−1

∀j ∈ J

(7)

∀k ∈ K

C. Deterministic Transmission-Constrained UC Formulation
[31]
The deterministic transmission-constrained UC is a mixedinteger linear programming (MILP) problem, whose objective
function is given as:

xi,t = gi

∀t ∈ T , i ∈ I

∀t ∈ T , i ∈ I

∀t ≤ (Lup,min
+ Ldn,min
), i ∈ I
i
i

X

SUi,tt ≤ xi,t

∀t ≥ Lup,min
i

(15)
(16)

(17)
(18)

tt=t−giup +1

X

SDi,tt ≤ 1 − xi,t

∀t ≥ Ldn,min
i

(19)

tt=t−gidn +1

where constraints (9) are the power balance equations for each
node b in the set of buses B; Wb,t is the RE power available at

bus b at time t; Bbm is the admittance of the line connecting
buses b and m in the set of lines L; δb,t is the voltage angle
at bus b at time t; Db,t is the load at bus b at time t; and
Ib is the subset of dispatchable generators connected to bus
b. RE curtailment is not included in (9), since there is not
incentive considered here for RE power spillage, which is
the case in most markets (e.g. Ontario, Canada). Constraints
(10) corresponds to minimum Pimin and maximum Pimax
generation capacity limits of controllable units. Constraints
(11)-(12) impose the ramp-up Riup and ramp-down Ridn rates
limits of the dispatchable generators. Constraints (13) and (14)
are the constraints of the linear dc power flow, which guarantee
max
that the maximum line flow limits Pl,bm
and angles limits
min
max
δ
and δ
are respected, respectively. Constraints (15)
and (16) associate the unit commitment decisions, SDi,t and
SUi,t , with the status variable xi,t , as well as ensure that
each unit is not turned-on and -off simultaneously. Finally,
constraints (17)-(19) enforce the minimum up-time giup and
and Ldn,min
the minimum down-time gidn , where Lup,min
i
i
are the number of periods that unit i is required to stay ON or
on/of f
OFF at the beginning of the optimization horizon, and gi
is the status of unit i at t = 0.
D. Stochastic Optimization [17]
In SOUC, a set of scenarios S is used to model the uncertainty of the random variables (e.g. RE generation, load). In
this case, the following objective function is used to minimize
the base-case cost plus the expected corrective dispatch cost
of scenarios, while respecting constraints (9)-(19) for each
scenario:

min

Pi,t ,xi,t ,SUi,t ,SDi,t


XX
Cisdn SDi,t + Cisup SUi,t
t∈T i∈I

+

X
s∈S

πs

XX

Fi (Pi,t,s )xi,t

Pi,t−1,ub − Pi,t,lb ≤ Ridn

∀t ∈ T , i ∈ I

(24)

III. AA- BASED U NIT C OMMITMENT F ORMULATION
A. Affine Forms
Load and RE generation uncertainties can be represented
by affine forms as follows:

D̂b,t = D0,b,t +

pd
X

Dn,b,t εn

∀t ∈ T , b ∈ B

(25)

Wr,b,t εr

∀t ∈ T , b ∈ B

(26)

n=1

Ŵb,t = W0,b,t +

pw
X
r=1

where D0,b,t and W0,b,t are the forecasted values of load
and RE at node b at time t; Dn,b,t and εn are the partial
deviations and noise symbols representing the load forecasting
errors, respectively; Wr,b,t and εr are the partial deviations
and noise symbols representing the RE forecasting errors,
respectively; and pd and pw are the number of noise symbols
used to describe load and RE uncertainties, respectively. Note
that the affine forms D̂b,t and Ŵb,t do not share any noise
symbols, since the uncertainty sources for the load and the
RE generation are assumed to be independent. The number of
noise symbols and the values of the partial deviations of the
affine forms in (25) and (26) can be obtained by a characterization of the statistical properties of the random variables [24],
considering aspects such as temporal and spacial correlation
among uncertainties.
Based on (25) and (26), the continuous variables of the
transmission-constrained UC, i.e. generator active power, voltage angles, and line power flows, can be represented by the
following affine forms:

(20)

t∈T i∈I

where πs is the probability of a scenario s in the set of
scenarios S for a given pdf. Typically, decompositions techniques such as Bender’s decomposition [17] and Lagrangian
relaxation [32] are used to solve this problem when it is
applied to large-scale power systems.
E. Interval optimization [16]
IOUC minimizes the operating base-case cost (8) while respecting constraint (9)-(19) for three scenarios: central forecast
(cf ), lower bound (lb) and upper bound (ub). Additionally,
the following ramping-constraints are imposed in order to
ensure that the UC is feasible for any scenario within the
predetermined uncertainty confidence interval:

P̂i,t = P0,i,t +

pd
X

Pn,i,t εn +

n=1

δ̂b,t = δ0,b,t +

pd
X

δn,b,t εn +

n=1

P̂l,t = P0,l,t +

pd
X

pw
X

Pr,i,t εr

r=1

pw
X

δr,b,t εr

∀t ∈ T , i ∈ I
(27)

∀t ∈ T , b ∈ B (28)

r=1

Pn,l,t εn +

n=1

pw
X

P lr,l,t εr

∀t ∈ T , l ∈ L

r=1

(29)
where the first term of each affine form is the central value of
the variable, the second term is the deviation of the variable
because of the load forecasting errors, and the third term is
the deviation of the variable because of the RE generation
forecasting errors.

Pi,t,ub − Pi,t−1,cf ≤ Riup

∀t ∈ T , i ∈ I

(21)

Pi,t−1,cf − Pi,t,lb ≤ Ridn

∀t ∈ T , i ∈ I

(22)

B. Problem Statement

Pi,t,ub − Pi,t−1,lb ≤ Riup

∀t ∈ T , i ∈ I

(23)

The main idea of the AAUC approach is to find a UC
schedule and the parameters of the affine forms (27)-(29),

which simultaneously minimize the base-case scenario cost
and the corrective dispatch cost, while satisfying all the units
and system constraints. In this context, based on Definition
3 and using the weighted-sum multi-objective optimization
method, it is proposed here that the objective function of the
AAUC problem be formulated as follows:

min
P̂i,t ,xi,t ,SUi,t ,SDi,t

+

XX
w[F0,i (P̂i,t )xi,t + Cisdn SDi,t

Cisup SUi,t ]

t

i

+ (1 − w)

p+p
Xna


|Fh,i (P̂i,t )|xi,t

(30)

h=1

where p = pd + pw , and w ∈ [0, 1] represents the weight
related to the objective of minimizing the operation cost of the
base case or affine central value of the function cost, which
is the cost of the dispatch for the central forecast F0,i plus
the commitment cost; hence, 1 − w is the weight related to
the objective of minimizing the re-dispatch cost Fh,i or affine
radius of the function cost. The value of w can be chosen
according to the decision maker’s degree of conservativeness
with respect to the uncertainties; thus, a value of w close
to 1 leads to cost-effective solutions that are sensitive to the
uncertainties, while a value of w close to 0 leads to solutions
that are more expensive but less sensitive to the uncertainties.
Constraints (9)-(14) can be formulated in affine form based
on (3) and (4). If RE curtailment is included in (9), a
new affine form representing this variable must be included
in the formulation. Constraints (15)-(19) remain the same,
since they are only related to the binary variables, which are
“crisp” variables, without an affine form representation. Note
that the resulting mathematical model has absolute values in
the objective function and constraints, which can be easily
linearized with additional variables and linear constraints [33],
so that the optimization problem becomes an MILP problem
that can be readily solved by using commercial solvers such
as CPLEX.
C. Model Outputs
Except for the commitment decisions, all the outputs of
the model (e.g. operating cost, dispatched active power, line
power flows) are represented by affine forms. These affine
forms can be transformed either into interval representation or
into deterministic solutions for particular realizations of the
random variables. Thus, an affine form χ̂ can be converted
into interval representation by using the following operators:
∆(χ̂) := χ0 +

p
X

|χk |

(31)

|χk |

(32)

h=1

∆(χ̂) := χ0 −

p
X
h=1

where ∆(χ̂) and ∆(χ̂) are the upper bound and lower
bound of the affine form, respectively, forming the interval
[∆(χ̂), ∆(χ̂)]. The intervals for the active power dispatched

Fig. 1. Comparison of the UC-dispatch solutions for different values of the
objective function weight w for the 6-bus system.

by each generator and for the operating price can be useful
for applications such as energy pricing, reserve pricing, and
day-ahead market clearing.
A specific value in the interval [-1,1] can be assigned to
the noise symbols of the output affine forms, if there is
a certain degree of certainty in the RE and load forecast
(e.g. forecasts with 5-min time resolution). This results in a
feasible economic dispatch solution for the robust commitment
solution, which can be used for real-time economic dispatch.
IV. N UMERICAL R ESULTS
To test and validate the proposed AAUC approach, a sixbus system [6] and a modified IEEE 118-bus system are
used. The GAMS 23.3.3 environment [34], and the CPLEX
12.1.0 optimization engine [35] were used to implement all
UC formulations, with a minimum relative MIP gap of 10−4 .
Simulation were performed on an Intel R Xeon R CPU L7555
1.87GHz 4-processor server.
The 6-bus system is used to: (i) illustrate the effect of
the value of the objective weight w on the UC and dispatch
solutions; (ii) compare the AAUC approach against the DUC,
SOUC, and IOUC approaches; (iii) compare the dispatched
active power bounds for the AAUC and IOUC approaches with
those obtained with MCS, which are used as the benchmark;
and (iv) study the impact of uncertainties levels in the AAUC
solution. The results obtained for the modified IEEE 118 bus
benchmark system are used to evaluate the computational
performance of the proposed UC method.
A. 6-bus System
The 6-bus system shown in Fig.1 has load and wind power
generation profiles defined in [17]. The total load is assumed
to be distributed as 20%, 40%, and 40% for Buses 3, 4,
and 5, respectively. Tolerance bounds of the load and wind
power forecasting errors are assumed as ±10% and ±30%,
respectively.
(i) Objective Function Weight Analysis: Figure 2 shows the
UC-dispatch solutions obtained for w = 0.9 and w = 0.1; only
the affine central values are plotted to facilitate visualization.
When w = 0.9, the most important objective is to minimize the
affine central value of the operating cost, in which case most of
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Fig. 3. Pareto front from the AAUC formulation for the 6-bus system.

Hour
Fig. 2. Comparison of the UC-dispatch solutions for different values of the
objective function weight w for the 6-bus system.

the demand is supplied by the cheapest generator, Unit 1 (black
plots), in order to reduce the base-case operating cost. On the
other hand, when w = 0.1, the main objective is to reduce the
variation of the operation cost due to the forecasting errors of
load and RE generation; consequently, the power dispatched
for Unit 3 is bigger, in order to allow Unit 1 to supply the
power variations due to forecasting errors at a lower cost, while
respecting its ramp constraints, thus resulting in a bigger but
less variable operating cost.
Figure 3 shows the Pareto front obtained for different
values of w. Distinct values of w may give the same UCdispatch solutions because of the discrete variables in the
problem. System operators can chose a solution belonging to
the Pareto front based on their degree of conservativeness.
The solution for w = 0 is not included in Fig. 3, since it leads
to an expensive dispatch that does not make sense for real
applications.
(ii) Comparison of Various Approaches: Table I shows the
day-ahead operating cost for the DUC, the SOUC, the IOUC,
the AAUC with w = 0.9, and the MCS, based on 1000 scenarios of load and wind for a uniform pdf, which represents the
most extreme case of uncertainty, and as per the convergence
of the MCS expected value. Observe that the DUC provides
the least expensive but least robust solution for the base-case
or central forecast, since it does not take into account possible
deviations in the forecasted values. The SOUC provides a less
expensive solution for the base-case than the IOUC and the
AAUC formulations, but it only guarantees the feasibility for
the set of scenarios considered during the optimization process,
while the IOUC and the AAUC provide robust UC solutions
immunized against all the possible scenarios in the uncertainty
tolerance bounds considered on the problem formulation. The
AAUC yields the biggest base-case operating cost, providing

more accurate intervals than the IOUC, compared to the MCS
solution which is taken as the benchmark, since the proposed
AAUC approach simultaneously minimize the affine central
value and the affine radius of the operating cost, thus providing
tighter operating cost bounds than the IOUC.
Figure 4 shows the UC-dispatch solutions obtained from
the SOUC, IOUC, and AAUC formulations. The generator
commitment solution is the same for all the formulations,
but the power dispatch solution differs from one method to
another. The main difference, as mentioned before, is that the
AAUC formulation provides a robust UC and minimizes the
effect of the random variables on the operating cost, which
results in a reduction of the power supplied by the cheapest
unit (Unit 1), in order to allow corrective dispatch actions at
a lowest price, while respecting the unit constraints.
Based on (27)-(29), note that the AAUC also provides
dispatch solutions for all possible load and RE generation realizations belonging to the predetermined uncertainty bounds.
For example, Table II shows a dispatch corresponding to a
particular load and wind power realization; this dispatch was
computed by adjusting the values of the load (ε1 , ε2 , ε3 ) and
wind power (ε4 ) noise symbols of the affine forms:
P̂1,12 = 177, 48 + 3, 85ε1 + 7, 7ε2 + 7, 7ε3 − 0, 08ε4 (33)
P̂3,12 = 60, 68 + 0, 97ε1 + 1, 94ε2 + 1, 94ε3 − ε4

(34)

which are the affine forms obtained with the AAUC for the
power dispatch at hour 12 for Unit 1 and Unit 3, respectively;
thus computing a feasible dispatch solution without the need
for solving the optimization problem associated with the
particular realization.
(iii) Power Bounds Comparison: Figure 5 shows the dispatched active power confidence intervals for Unit 1 and Unit 3
obtained by MCS, IOUC, and the AAUC with w = 0.9. Notice
that for the first eight periods where only Unit 1 is committed,
the different approaches provide similar power intervals, with a
slight difference due to the approximations in the optimization
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Fig. 4. UC-dispatch solutions for SOUC, IOUC, and AAUC formulations for
the 6-bus system.
TABLE I
O PERATING C OST FOR DIFFERENT UC FORMULATIONS FOR THE 6- BUS
SYSTEM .

DUC
SOUC
IOUC
AAUC
MCS

8

Base-case
Cost
[$]

Lower
Cost
[$]

Upper
Cost
[$]

93,205
95,123
95,463
96,872
93,943

86,723
86,263
89,068

108,695
107,482
98,374

TABLE II
D ISPATCH FOR A PARTICULAR LOAD AND WIND POWER REALIZATION
Realization

Dispatch

Random
Variable

Central
Forecast
[MW]

Actual
Realiza.
[MW]

Error
[%]

Noise
Symbol
Value

D4,12
D5,12
D6,12
W3,12

48.23
96.46
96.46
3

50.64
104.18
89.71
3.6

5
8
7
20

0.5
0.8
-0.7
0.67

Unit

Power
[MW]

P1,12
P2,12
P3,12

180.12
0
60.7

solution procedures. Observe that for the other hours, the
proposed AAUC approach for w = 0.9 tends to be closer
to the MCS results than IOUC, especially for hours 12 to
15, and 21 to 22; however, there is an important difference
between the intervals provides by MCS and those from both
the AAUC and the IOUC, especially for Unit 3, since both
IOUC and AAUC methods enforces the feasibility of the ramp
constraints between different scenarios. Finally, note that for
the last two hours, MCS shows that for some realizations of
the random variables, Unit 3 should be committed to obtain
cheaper solutions, which is similar to the solution obtained

Fig. 5. Comparison of AAUC, IOUC and MCS intervals
TABLE III
O PERATING C OST FOR DIFFERENT TOLERANCE BOUNDS OF LOAD
FORECASTING ERRORS

Tolerance
Bound

Base-case
Cost
[$]

Lower
Cost
[$]

Upper
Cost
[$]

5%
10%
15%
20%

94,487
96,872
105,309
Inf.

88,571
86,263
88,327
Inf.

100,403
107,482
122,291
Inf.

with the AAUC approach for w = 0.1, where Unit 3 is
committed, unlike the solutions obtained with IOUC, SOUC
or AAUC for w = 0.9, thus better capturing these less likely
events.
(iii) Sensitivity Analysis: Figure 6 shows the UC-dispatch
solutions obtained for different tolerance bounds of wind
power forecasting errors; in this case, w and the tolerance
bound of load forecasting errors are set as 0.9 and 10%, respectively. Notice that the presumed wind uncertainty interval
can affect both commitment and dispatch solutions, providing
different degrees of conservativeness depending on the width
of the presumed tolerance bounds of the forecasting errors.
Table III shows the day-ahead operating cost for different
presumed load uncertainty intervals; in this case w and the
tolerance bound of wind power forecasting errors are set as 0.9
and 30%, respectively. When the presumed load uncertainty
interval is set as 20%, the problem is infeasible since the
systems cannot deal with these possible load deviations. For
a load forecasting error tolerance bound of 15%, note that
the lower bound of the operating cost is bigger than when
the tolerance bound is equal to 10%; this is because the
commitment solution of the first case is more conservative
than the second case, resulting in more expensive solutions,
even for scenarios with low demand.

TABLE IV
R ESULTS FOR DIFFERENT VALUES OF w FOR THE 118- BUS SYSTEM .

220
200

Dispatched Power [MW]

180
160
140
P1o We=10%
P1o We=50%
P2o We=10%
P2o We=50%
P3o We=10%
P3o We=50%

120
100
80
60

w

Central Value
of the Operating
Cost [$]

Radius of the
Operating
Cost [$]

Total UC
[h]

Comp.
time
[s]

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

1,746,160
1,747,353
1,748,648
1,760,492
1,762,018
1,781,766
1,798,108
1,802,157
1,802,799

217,938
212,557
208,530
186,257
184,471
170,429
161,086
159,589
159,536

705
702
707
715
714
730
733
732
737

17,055
1,300
182
1,574
1,850
3,829
1,138
98
4,958

40

TABLE V
R ESULTS FOR DIFFERENT UC FORMULATIONS FOR THE 118- BUS SYSTEM .
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Fig. 6. UC-dispatch solutions for different tolerance bounds of wind power
forecasting errors

B. 118 bus system
In this section, results are presented of simulations for a
modified IEEE 118-bus benchmark system [17], which has
54 thermal units, three wind farms, and 186 branches, whose
detailed data and load profiles can be found at [36]. Wind
power generation profiles of the 3 wind farms are the same
as in [37]. Tolerance bounds of the load and wind power
forecasting errors are both set to 10%, for all the loads and
wind farms. Different tolerance bounds for each load and
wind farm of the system may be chosen, if available, without
significantly affecting the computational performance.
Table IV shows the results obtained for different values
of the objective weight w. For this study case, the minimum cost for the worst-case is obtained when w = 0.5,
since 1, 762, 018 + 184, 471 = 1, 946, 489. As expected,
the cheapest base-case solution is obtained for w = 0.9;
however, this solution leads to the biggest worst-case cost
(1, 746, 362 + 217, 938 = 1, 964, 300). Moreover, it can be
seen that the value of w not only affects the dispatch decisions
but also the commitment decisions, as shown in the third
column of the table, where the total commitment hours of all
generators, as a measure of reserve, are listed; for small values
of w, the thermal units are committed for more hours, since
these solutions are more conservative. These results show that
the AAUC approach gives sufficient decision elements to the
system operator to choose a UC-dispatch solution to operate
the system, according to the system characteristics and the
desired risk level. Finally, in the last column of the Table IV,
it can be seen that the value of w also affects the solution
computing time. For some values of w the computing time
is small enough for real-time applications, as for w = 0.2 or
w = 0.7; however, there are some values, such as w = 0.1
or w = 0.9, for which the computing time could be too

DUC
SOUC (10 scen.)
SOUC (50 scen.)
SOUC (100 scen.)
IOUC
AAUC (w=0.9)
AAUC (w=0.2)

Base Case
Cost [$]

Upper
Cost [$]

Total UC
[h]

Comp.
time
[s]

1,739,680
1,741,086
1,740,470
1,740,214
1,743,708
1,746,160
1,802,157

2,014,882
1,966,710
1,961,745

663
663
663
663
697
705
732

17
214
9,450
58,163
160
17,055
98

large for real-time applications, since these take more than 1h.
Nevertheless, more efficient implementations and optimization
solvers should reduce these times.
Table V shows the results obtained for the DUC, the SOUC,
the IOUC, and the AAUC approaches. Simulations were
carried out with 10, 50, and 100 scenarios for the SOUC, to
show the computing time explosion of the SOUC. In general,
IOUC has a better computational performance than SOUC
and AAUC, since it just considers 3 scenarios; however, for
w = 0.2, the AAUC shows better performance than IOUC.
For w = 0.9, the AAUC presents its worst computational
performance (4h:44min:15s); however, this time is still smaller
than the time for the basic SOUC formulation with 100
scenarios.
V. C ONCLUSIONS
This paper has proposed a novel UC formulation based
on an AA-based computing framework. The approach was
shown to simultaneously minimize the base-case scenario costs
and the corrective dispatch costs. Compared with existing
approaches which only provide a finite set of power dispatch
solutions, the proposed approach provided dispatch solutions
for all possible load and RE generation realizations belonging
to the predetermined uncertainty bounds.
The results show that this new approach provides more
accurate operating cost and power dispatch intervals than
the IOUC approach, since it includes the re-dispatch cost
in the objective function. Also, it is shown that the solution
conservativeness depended on the presumed tolerance bounds
of the uncertainties. Finally, the AAUC approach is shown

to have better computational performance than the classical
SOUC approach.
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