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1. Introduction

Given a demand for energy and a set of power plants, the Unit Commitment
(UC) problem consists of finding the optimal energy production plan that meets
the demand while minimizing the production cost. Typically, a solution of the UC
provides a production plan for the next day and involves two sets of managerial
decisions. The first is the selection of power plants to be used and the level of
power production; the second is the amount of energy to buy and sell in the market.
While planning the activity of the power units must be done in advance, buying
needed energy or selling surplus energy is done in real time, once the demand for
energy is known. However, when the deterministic version of the UC problem is
solved, both aspects are taken into consideration at the same time by assuming the
forecast of the energy demand and the sell/purchase prices as certain. That is, the
deterministic UC problem does not consider forecast errors. One way of taking
into account the uncertainty associated with demand and prices is to assume that
the unknown value is contained within a range. We approach the UC problem in
the framework of robust optimization by modeling the uncertainty of demand and
prices with ranges.

Scenario-based robust optimization has received a fair amount of attention in
recent years. For the basic concepts we refer the reader to [1] and [2]. Uncertainty
in key data has been typically modeled in two ways: with the use of scenarios and
with ranges [3]. In the first case, uncertainty is represented by a set of scenarios,
with each one consisting of a combination of values for the uncertain parameters.
In the second case, each uncertain value is replaced by a range of possible val-
ues. In either case, decisions can be made according to several criteria, including

minimax and minimax regret ([4], [5]).
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The goal of the minimax criterion, which is associated with the most conserva-
tive approach, is to obtain a solution that will result in the best performance under
the worst possible scenario. The goal of the minimax regret criterion, on the other
hand, is to obtain a solution that minimizes the maximum difference between the
values of the solution that will be adopted and that of the optimal solution that
could be obtained with perfect information. Both of these criteria assume that the
value of the objective function must be minimized.

The mathematical definition of these problems is as follows. Let the set of fea-
sible solutions be = € X and the set of scenarios (i.e., realizations of the unknown
parameters within the given data intervals) be k£ € I', then the minimax criterion

is:
TMM = Mingex matger (Fi(z)) (1)

where FJ,(x) is the objective function value (total cost in the UC problem) of the
solution computed under scenario k. Let F}' be the optimal solution value under

scenario k. Then we can define the minimax regret criterion as:

TMMR = MiNzex MATker (Fk(l’) - Fék) (2)

Further details on the minimax and minimax regret models may be found in [5].
There are other relevant types of robust optimization models, whose details can
be found in [6] and [7].

The literature on the Unit Commitment Problem problem is equally vast. Ex-
isting mathematical models share a common structure but have a number of dif-
ferences in the functional form of the objective function and the set of constraints.
We refer the reader to [8] for a complete survey of this literature. Production

cost has been modeled as both a quadratic function [9] and a linear function [10].
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The linear model speeds up the execution of the solution method and facilitates
the use of the robustness strategies. Models have been enriched with an increas-
ing number of realistic constraints, such as “ramping constraints” [9], maximum
production constraints, and others [11]. Solution methods include both exact and
heuristic approaches ([12], [11] and [13]).

To the best of our knowledge, the first attempt to address the robust version of
this problem was described in [14]. The authors introduce a Stochastic UC model
that includes fuel constraints and electricity prices, and they solve it across a set
of given scenarios. Likewise, [15], which describes a Stochastic Integer Program-
ming Model for the Hydro-Thermal UC, assumes that the complete set of possible
scenarios is known. In [16], the authors present a robust Two-Stage UC Problem
that minimizes the total power generation cost under the worst case scenario. In
[10], a Robust UC Problem with demand response and wind energy is described,
and [17] presents a Two-Stage Robust Power Grid Optimization Problem. In [18]
the authors develop a Bender Decomposition for the Two-Stage Security Con-
strained Robust UC Problem and in [19] the authors propose a two-stage adaptive
robust optimization model for the same variant of the UC problem. Finally, a
strategic planning model for an integrated oil supply chain is developed in [20],
comparing different kinds of robust formulations and taking into account three
uncertainty typologies: the crude oil production, the demand for refined products
and the market prices.

As far as we know, our current work is the first one that deals with uncertainty
in the UC problem by creating a risk-averse formulation based on data ranges. Our
main contribution consists of developing a solution method, based on Bender De-

composition, capable of producing high-quality robust solutions to the UC prob-
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lem with uncertainty. Furthermore, we perform a detailed computational analysis

to provde answers to the following research questions:

Is it beneficial to use a robust approach for the UC problem?

In the presence of uncertainty, is it better to overproduce or underproduce?

What is the best trade off between robustness and performance?

Does performance (measured as cost savings) improve by including uncer-

tainty on market prices?

From a technical point of view, our approach is novel for two reasons. First, uncer-
tainty is modeled using ranges around uncertain values not only in the objective
function but also in the constraints coefficients. Second, we include scenario-
dependent variables to model the fact that the trading decisions are made after the

production decisions.

2. Unit Commitment Base Model

We now describe a mathematical model for the UC problem with known de-
mand and market power prices. The goal is to find the minimum cost production
plan that satisfies the demand for power, which may also be met by buying or
selling energy in the market. We have attempted to include all the production
requirements that have been introduced in the literature so far.

We consider n power production units ¢ € I and a set of time periods ¢t € 7.
Each production unit ¢ is characterized by a lower (upper) bound /; (u;) on the
power production, a minimum up (down) time ¢* (¢7), and a maximum ramp up

(down) power production A (A;). The power cost is determined by a fixed



O©CO~NOOOTA~AWNPE

production cost 7;, paid for each time period where the production unit ¢ is on,
a setup cost a;, paid whenever unit ¢ is activated, and a linear power production
cost function, with a linear term coefficient ¢;. In case of quadratic functions, the
quadratic part of the power production cost can be linearized with a linear function
passing through the origin and the cost of producing maximum power. Finally, in
each time period ¢ there is a demand d; and a price for purchasing (selling) in the

regulatory market ¢; (e;). The input data for the model are described in Table 1.

Table 1: UC Notation

1€l : set of n units

teT : set of time periods

li (u;) : lower (upper) bound on the power production of unit 4
dy : power demand at time ¢

t+ (t7) : minimum up (down) time (in terms of time intervals)

A} (A7) : maximum ramp up (down)

G : variable power production cost
ri (a;) : fixed (setup) cost of production of unit %
er (qr) : buy (sell) price at time ¢

We model the UC problem with a set of binary variables y;;, which indicate if
a power unit ¢ is available at time ¢, a set of binary variables z;;, which indicate
if a power unit has been activated at time ¢, a set of continuous variables z;,
which represent the amount of energy produced by unit ¢ at time ¢, and two sets
of continuous variables b; and s;, which represent the amount of energy bought
and sold, respectively, at time ¢. For notational convenience, we also define p;

as the total amount of energy produced in time period ¢, i.e., p; = > ._; xi. We

iel
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assume that all excess production will be sold in the period when it occurs and,
likewise, power will be bought to cover production shortages. In other words, for
each period t, s, = max(p, — d;,0) and b, = maz(d; — p;, 0). The mathematical

programming model for the UC problem is:

(UC) min Z Z(Cﬂ’it + it + Qizit)

icl teT
+ Z(etbt — qSt) 3)
teT
Zwit+bt_st:dt tGT (4)
el
Ly < i < wyi vel,teT (5)
—Yit—1 + Y — 2 <0 iel, teT (6)

—Yir1+ Y — Y <0 1€, 1<t <h<tF (7

Yierr — Yty <1 1€ [,1 <t <h <t )

Tirr1 < Ty + Y AT + (1 — yi)ug iel,teT 9)
Tip < Ty + Ya; 4+ (1 — yi)ug iel,teT (10)
Zit, by, 54 >0 1el, teT (11)

Vi, zi € {0,1} 1€l teT (12)

The objective function (3) minimizes the total cost. Constraints (4) force the de-
mand in each time period to be met, constraints (5) impose bounds on the power
production for each power unit and each time period, constraints (6) charge the
cost of switching a unit on, constraints (7) and (8) model the minimum a maxi-
mum up (down) time, and constraints (9) and (10) limit the maximum ramp-up

(down) power production.
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3. Minimax Unit Commitment Problem

In order to formulate the UC problem as minimax model, we consider a set I'
of scenarios that represent possible combinations of demand values (d). The exact
values for the demand are unknown, but, for each scenario £ € I" and time period
t € T they are assumed to fall within a range: d¥ € [d; , d/].

Let x be a power production plan that is developed prior to knowing the energy
demand. In terms of a mathematical model, the production plan is a commitment
that is made before the realization of a scenario that instantiates the values of
d. In a robust optimization formulation of the UC problem, the z variables (as
well as the ancillary y and z variables) do not depend on the scenarios, but the
purchase and selling decisions do. Therefore, for a given production plan x, b, =
max(df — py,0) represents the energy purchased in period ¢ under scenario k.
Likewise, s;z = maz(p; — d¥,0) represents the energy sold in period ¢ under
scenario k.

Using a continuous variable p, the Minimax Unit Commitment Problem (MM-

UC) may be formulated as follows:

MM-UC) min p (13)
> wi+ by — sy =df kel teT (14)

i€l

Z Z(Cixit + rivie + @iZit)

el teT

+ Z(etbtk — @¢sw) < p kel (15)
iel

(5) — (12) (16)

For convenience of notation, we define F}, as the objective function value associ-
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ated with scenario k for production plan x:

Py = Z Z(Cixit + iy + aizie) + Z(etbtkz — GtStk) 17)

iel teT i€l
Therefore, constraint set (15) may be simplified as Fj, < p. The following theorem
shows that the MM-UC problem is solved by considering only the “worst-case”

scenario, where demand values are high.

Theorem 1. The scenario k that maximizes the cost F), of a solution x is such
that, forallt € T, df = d;f.
Proof:
For any scenario j such that d; < d! < d, there exists a scenario k with dF = df
for which Fj, > F. Let p, = ) . x;; be the total energy produced in period ¢. If
d, < d{ < p;, then by making d¥ = d;f the cost increases, because less energy is
sold and more needs to be purchased. If, on the other hand, p;, < d{ < df, then by
making d¥ = d; the cost increases, because more energy needs to be purchased.
O

Because MM-UC is solved for d; = d;", solutions to the MM-UC problem

lead to overproduction, whose magnitude is correlated to that of the d;" values.

4. Minimax Regret Unit Commitment Problem

By keeping the same notation used for the MM-UC model, and redefining the
variable p to represent the regret, the Minimax Regret Unit Commitment Problem

(MMR-UC) may be formulated as follows:

(MMR-UC) min p (18)
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> wiu+ by — sy =df kel teT (19)
i€l
> F-F<p kel (20)
i€l
(5) —(12) 1)

where I} is the objective function value associated with the optimal solution (z*)
of the UC problem under scenario k. The following theorem shows that when
formulating the UC problem as a minimax regret problem with ranges, it is not
necessary to explore solutions for which the uncertain data take on values inside
the given interval. That is, a solution procedure may focus on solutions for which
the parameter values are equal to one of the bounds. A similar theorem has been
proven in [5] (Proposition 8) for O—1 problems with a linear objective function

and intervals only in the objective function coefficients.

Theorem 2. The scenario k that maximizes the regret of a solution x is such that,
forallt, d¥ = d; ord} .

Proof:

For any scenario j such that d; < d < d;", there exists a scenario k with d¥ = d;
or d; for which F,—Fy > F;—F;. Let py = ), x}, be the total energy produced in
period ¢ associated with the optimal solution of the UC problem under scenario k.
Similarly, let bf and s¥ be the optimal purchasing and selling decisions associated
with the production plan z*, which is optimal for the solution of the UC problem

under scenario k.

1. If d; < d} < df and p, > d; then by making d¥ = d; the regret associated
with solution x either remains the same if pf = p{ or it increases if pf < p{ .

Because d¥ < d/, at optimality, p} cannot be greater than p.

10
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2. If d; < d} < d;i and p, < d; then by making d¥ = d the regret associated

with solution x either remains the same if pf = p{ or it increases if p¥ > pz.

Because df > , at optimality, pf cannot be less than p{ )

0

The number of scenarios to consider is therefore limited to 27. However, the

explicit consideration of the whole set is not practical. Thus, we develop a spe-

cialized procedure to find a smaller scenario set I. Given a solution 7 to the master

problem MMR-UC obtained by considering only a subset of scenarios I, we aim

at finding a “target” scenario that leads to the maximum regret with respect to .

This scenario, as explained later, is added to the set f, so that a new master so-

lution can be obtained by solving MMR-UC with the larger set of scenarios. The

target scenario can be found by solving the following problem, called Scenario

Generation Model (SG):

(SG) max Z (etbtm - QtStm) - Z Z CiTjt

teT i€l teT

—TiYit — Q2 — Z (etbt - QtSt)

teT

bim < ,MtMtl

Stm < (1 - ,ut)ME

11

te’T

teT

teT

te’T

te’T

tefT

(22)

(23)

(24)

(25)

(26)

27)
(28)
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di <d; <df teT (29)
bes Sty btmy St >0 t €T (30)
pe€{0,1} teT (31)

(5) — (12) (32)

The objective is to maximize Fm — F¥, ie., the difference between the cost paid
by the master solution Z under the target scenario m and the cost paid by the target
scenario’s optimal solution, which in the SG model is given by the optimal values
of the d variables. The objective function does not include the fixed and setup costs
of the master solution because they are constants. Constraint set (23) determines
the energy bought (b;,,,) and sold (s;,,) in the master solution in each time period ¢.
Constraint set (24) ensures that the demand is met by solution x. Constraints (25-
28) avoid that the problem be unbounded: without these constraints, an arbitrarily
large objective value is achieved by letting b;,,, and s;,, grow while keeping their
difference constant and positive. Constraints (25-26) sets the binary variable y; to
0 (1) if and only if the production in the master solution is greater (smaller) than or
equal to the demand. Practically, p, indicates if energy is purchased in the master
solution under scenario m. Constraints (27-28) allow b;,,, (S, ) to be positive only
if gy = 1 (uy = 0). To obtain the tightest linear relaxation, the "Big-M” constants
are set to M} = max(0,d — ", ; @) and M7 = max (0, ,.; @i — d; ). The
set I of scenario is initialized with the scenario obtained with the average values
(step 1, Figure 1). The model is then solved (step 3) and a solution is found by
solving MMR-UC (equations (18)-(21)), which minimizes the maximum regret
considering the scenarios in I'. A scenario k is found that maximizes the regret in
the current MMR-UC solution (step 4), and is added to r (step 5). The optimal

UC solution under this scenario is then found (step 6). Finally, if the regret of this

12
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UC solution is larger than the regret currently obtained by the MMR-UC solution
(step 7), then a new cut is inserted by updating I" and the MMR-UC (constraints
(19) and (20)). Otherwise, the procedure ends and the current MMR-UC solution

is returned.

begin
1. Initialize MMR-UC with I
repeat

Solve MMR-UC

2
3
4. Solve (SG) and obtain the vector d¥;
5 Add scenario k to f;

6 Solve the UC' with d* obtaining the SG’ solution (x, b, s);
7.  while scenario k cuts the current MMR-UC solution .

end.

Figure 1: Bender Decomposition with demand data ranges

Note that, because the scenarios are generated using an exact procedure, the
Bender Decomposition method described in Figure 1 is an exact method. How-
ever, it may be impractical to execute to completion for hard problem instances,

for which the algorithm may instead be terminated after a given time limit.

5. Generation of Problem Instances

In order to investigate the merit of our approach, each instance comprises the
characteristics of the production units and two pairs of data: the real data and

the forecasted data. The real data are composed of the vectors of actual demand

13
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and price values; the forecasted data are composed of the vectors of forecasted
demand and price values. The performance of a robust solution method on a
problem instance is evaluated by 1) obtaining a production plan by considering

only the forecasted data, and 2) evaluating the production plan on the real data.

5.1. Real Data

Artificial (but realistic) characteristics of n thermal systems, with n € {10, 20},
are configured by the procedure presented in [13]. This procedure also gener-
ates an artificial demand load df (tf = 1...24) which is appropriate to the set of
thermal units, but follows the same profile for all instances. To make our exper-
iments more realistic and to consider a variety of demand profiles, we combine
real energy demand data recorded in 2006 in the State of Colorado (USA) with
the characteristics of the thermal system. However, the real demand d] may be
inappropriate for the artificial characteristics of the thermal systems. To ensure
that the load d; is appropriate, the values of d; are set as follows:

dy = dj X maz—y_ o4{d?}/HY
where HY is the highest demand recorded throughout the entire 2006 in Colorado.
In this way, even if d is the largest demand load of 2006 (i.e., d] = HY'), the d;
can be satisfied with the thermal systems.

The selling and purchase prices are set so that:

1. The purchase price is always larger than an upper bound of the production
price
2. The selling price is always lower than a lower bound of the production price

3. They fluctuate in agreement with the demand (they are high when the de-

mand is high)

14
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Requirements 1 and 2 ensure that energy trading is discouraged. Otherwise, it
may be profitable to produce nothing and purchase enough energy to meet de-
mand; or, it may be profitable to produce as much as possible and sell the surplus.
Requirements 1 and 2 also avoid arbitrage. The lower bound of the production
unit price corresponds to the case where the unit is active throughout all the time
periods and produces the maximum power ;. In this case, the cost of producing a
unit of energy is the summation of the variable cost c; and the fixed cost r; spread
over the u; energy units produced. Let us define w™ as the lower bound computed
across all units.

W = MmNz nfc; + ]

The upper bound corresponds to the case where the unit produces the mini-
mum power /; for the minimum “up time” ¢*. Then, it is off for the minimum
”down time” ¢~. In this case, the cost of producing a unit of energy is the sum-
mation of the variable cost ¢; and the fixed cost r; spread over the [; energy units
produced. Furthermore, every time the unit is switched on, a cost a; is incurred,
which needs to be spread over all ¢*1; energy units produced while the unit is on.

Thus, the upper bound is computed as:

Wt =mari=i.ale + 7+ ]

In order to satisfy the three requirements above, the demand profile is used
to build a “mid-price profile”, which has the same “shape” as the demand and
represents the mid-point between the selling price and the purchase price. While
the demand is included between the minimum demand value d~ and the maximum
demand value d*, the mid-price is included in [w~,w*]. The purchase and the

selling price are obtained by respectively adding and subtracting w* — w™ from

the mid-price values. The equations used to compute e; and ¢; are:

15



O©CO~NOOOTA~AWNPE

midPrice; = #=4 (wt —w™) + w™

e; = midPrice; + (wt —w™)
¢ = midPrice; — (wt —w™)

The problem set from [13] includes 5 instances for each value of n. Therefore,

a problem instance is uniquely identified by a value of n € {10, 20, 50, 75, 100, 150, 200},

1 = 1...5, and a day d = 1...365. Let n_i be the set of instances corresponding
to given values of n and ¢. All the benchmark instances can be found in the
online supplement. However, in the remainder of the paper we consider only
n € {10,20} because the UC formulation (3)-(12) cannot be solved by commer-
cial solvers for larger values of n. Note that our focus is not on the solution method
for the UC problem, which is therefore treated as a black box. Should a more effi-
cient solution method be available, our formulation could be easily replaced, and

the computational times required by our approaches would decrease accordingly.

5.2. Forecasted Data

The forecasted data are generated by modifying the real data. While this could
be achieved by perturbing the real hourly demand and prices by a randomly gen-
erated amount, this procedure would fail to capture two important aspects of fore-
cast generation: the correlation among forecast errors made in consecutive time
periods (correlation 1) and the correlation between the magnitude of the forecast
errors and the sudden changes in temperature (correlation 2). Because demand
and prices are correlated, for brevity we will simply refer to “demand”.

Correlation 1 implies, for example, that if at time period ¢ the forecasted value
is much larger than the real one, at time period ¢+ 1 the forecasted value should be
similarly larger (and not, for example, much smaller). The the use of weather fore-

casts to predict demand causes Correlation 1 to be larger in very cold or very hot

16
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days than in mild days. Because weather forecasts for consecutive time periods
tend to be similar, so do consecutive demand forecasts.

Correlation 2 states that the magnitude of the forecasting error is proportional
to the forecasted change in temperature. If, for example, the temperature is fore-
casted to drop by 40 degrees during a period of 24 hours, the error of such predic-
tion is larger than if the forecasted drop of temperature were of 5 degrees. Errors
in the forecasted demand behave similarly. This is an important aspect for places
with a continental climate, such as Colorado.

We account for both of these aspects by allowing the next-day forecasts to be-
long to different groups, which are found by mining the 2006 demand data set of
Colorado. In particular, we use the data mining algorithm called “clustering” (see
[21] for further details), which consists of assigning objects to groups (clusters)
in order to maximize the similarity among objects belonging to the same cluster
while minimizing that of objects belonging to different clusters. In our case, the
objects are next-day variations of demand, which are 24-element vectors, whose
t-th element is the daily percentage change in demand between two consecutive
days at time period t. Given a training set of known next-day variations, this pro-
cedure finds clusters made of similar next-day variations. A cluster can include,
for example, all those next-day variations that correspond to a sudden drop in tem-
perature, or all those next-day variations corresponding to the increase in demand
of the day after a holiday.

In order to predict the demand of a day ¢ that does not belong to the training
set, we consider the real demand vectors of day ¢ — 1 and of day ¢ to compute the
real next-day variation. Then, we identify the cluster whose centroid is closest to

the real next-day variation. We use the centroid of this cluster as the forecasted

17
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next-day variation. By adding this variation to the real demand of ¢ — 1, ¢’s fore-
casted demand is obtained. The forecast prices are a function of the forecasted
demand, and are computed as explained above. Each cluster may be interpreted
as a different “way” in which the demand may change from day to day. It is im-
portant to note that this procedure is only used to build the vector of forecasted
demand and price values, and is not part of the methodology used to solve the

problem.

6. Computational Results

We now assess the benefits of finding unit commitment plans by applying a
robust optimization approach when compared to plans that are found by solving
the deterministic version of the unit commitment problem using expected values.
Two different types of robustness criteria are tested: minimax regret (MMR-UC)
and minimax (MM-UC). MM-UC and MMR-UC are the models presented in sec-
tions 3 and 4, respectively. We measure the performance of these methods in
terms of savings that can be obtained compared to solving the determinisitc UC,

as follows:

1. The UC problem is solved using the real data in order to provide a lower
bound for the cost. Let us call this cost A—the cost in the absence of uncer-
tainty.

2. The UC problem is solved using the forecasted data. The cost of the pro-
duction plan obtained is then evaluated on the real data. Let us call this cost
[B—the cost if no ranges are considered.

3. Ranges of £robLevel% are built around the forecasted demand and prices.

18
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4. The robust method is executed with these ranges and evaluated on the real
data. Let us call the cost obtained .

5. The savings (%) given by the robust method is computed as 100(1— g%’;) In
this way, positive savings indicate that the robust method obtains a lower-
cost solution than the basic UC model; conversely, negative savings indi-
cate that the robust method obtains a higher-cost solution than the basic UC

model.

Note that when a method is tested on a set of instances, A, 3, and ~y are the average
costs obtained across the instances.

Each problem instance is denoted by n_i_X, where n is the size, ¢ is the in-
stance number, and X = A for training and X = B for test. The training set,
which comprises 1/8 of the data, represents past (known) data; the test set, which
also comprises 1/8 of the data, represents a set of future days in which we want
to assess the performance of our method. The instances are divided in such a way
that each set includes an equal number of each day of the week (as many Mon-
days as Tuesdays, Wednesdays, etc...), and an equal number of days from each
month of the year. Hence, both sets include days from every period of the year.
By considering the training set only, we build clusters of next-day variations as
explained above. Clusters are built using two different techniques: Expectation-
Maximization ([22]) and K-Means ([23]). The EM procedure results in 12 clus-
ters; K-Means, which, unlike EM, requires the number of clusters to be specified,
is run by setting the number of clusters to 3. This low number results in a much
less accurate prediction than that obtained by EM. Therefore, in our experiments,
EM represents the case where the prediction accuracy is high, while K-Means the

case where the prediction accuracy is low.
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In order to test the robust optimization methods, a robustness level robLevel
needs to be chosen. Thus, we assess the savings given by MM-UC and MMR-UC
via the procedure above by using different levels of robustness. Our experiments
were run on a cluster of 4 computers: two equipped with a 4-core 2.93 GHz CPU
and 4 GB or RAM, one equipped with an 8-core 2.27 GHz CPU and 4 GB of
RAM, and one equipped with a 3.40 GHz 8-core CPU and 16 GB or RAM. All
problems are solved using ILOG CPlex 12.3 and only one processor. Because
these experiments are computationally intensive, they are run with a time limit
of 20 minutes. Results are shown in Table 2. The first 2 columns report the in-
stance name (n_i_A) (where A indicates that it belongs to the training set) and the
robLevel. The following columns report the performance of MM-UC and MMR-
UC. For both methods, we report the the savings (%) and the average computing
time in seconds. For MMR-UC, we also report the total number of “time limit”
occurrences and the average number of cuts generated during the procedure.

On one hand, it is evident that solving the MMR-UC takes much longer than
solving the MM-UC. This is explained by the need of MMR-UC to solve at least
one instance of the UC for each cut made during the Bender decomposition pro-
cedure, whereas solving the MM-UC consists of solving the UC problem under
the worst-case scenario. On the other hand, the savings obtained by MMR-UC
are generally larger than those obtained by MM-UC. This is particularly clear for
large values of robLevel, where MMR-UC performs much better than MM-UC. In
this case, the MM-UC tends to overproduce by a large amount, which leads to sig-
nificant losses (negative savings). Interestingly, for small values of robLevel, the
MM-UC leads to significant savings. From a managerial standpoint, this means

that it is cheaper to slightly overproduce than to slightly under produce.

20



O©CO~NOOOTA~AWNPE

Figure 2 analyzes the effect of the clustering method chosen on the best value
of robLevel and on the savings generated by MM-UC and MMR-UC. The tun-
ing phase suggests robLevel = (.01 for MM-UC irrespective of the cluster-
ing technique used to generate the forecasted instances, and robLevel = 0.02
(robLevel = 0.03) for MMR-UC if the clustering technique used is EM (KMeans).
A larger tolerance level for KMeans is unsurprising, given the inferior forecast ac-
curacy of this method compared to EM. For the same reason, the optimal value
of robLevel leads to a better performance for both methods when the forecast is
generated by EM (12.62% for MM-UC and 22.43% for MMR-UC) than when it
is generated by KMeans (7.19% for MM-UC and 13.49% for MMR-UC). Table
3 (columns 2—4) reports the performance on the test set obtained by executing
MM-UC and MMR-UC with the values of robLevel found above and a 1-hour
time limit. Although smaller, the savings obtained on the test set are in line with
those obtained on the training set. In particular, the savings yielded by MMR-UC
(15.11%) are much higher than those yielded by MM-UC (7.40%).

We executed the same experiment (tuning on the training set and evaluating
performance on the test set) on larger instances, those with n = 20. Noticeably,
the average time taken to solve the UC increases from 1.01 seconds for n = 10
to 27.63 seconds for n = 20. Therefore, the occurrences of ’time limit” events
incurred by MMR-UC is much higher than in the previous case. Nevertheless, the
main pattern observed in Figure 2 does not change: the performance of MM-UC
is influenced by the value of robLevel much more heavily than that of MMR-UC,
which achieves larger savings. Interestingly, the best values of robLevel obtained

in the training phase are the same as those found for n = 10. The details of the
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training phase for n = 20 are not reported because of their similarity to those
of the case n = 10. However, Table 3 (columns 5-7) reports the results on the
test set, obtained by solving the instances in the test set with the best values of
robLevel found in the training phase. Again, MMR-UC outperforms MM-UC for
all instances with n = 20. Note that these experiments have been run with a 2-hour
time limit. However, since typically the grid operator solves the Unit Commitment
problem once a day, a longer time can be allocated to its solution. Table 4 reports
the test set performance, limited to the EM clustering case, obtained with a 12-
hour time limit. This larger value results in an average savings increase of just
1.93% (from 11.75% to 13.68%), indicating that MMR-UC is capable of obtaining
good quality solutions early in the search.

Although this seems to suggest that larger instances can be successfully solved,
this is not the case. In fact, the simple UC problem cannot be solved to optimality
for all the next-size instances (n = 50) within a reasonable time (we allowed 5
hours). Therefore, the MMR-UC may not generate any cuts, terminating without
finding a feasible solution. This experiment shows how strongly the performance
of MMR-UC depends on that of UC. Should a new solution method for UC be de-
veloped, our MMR-UC procedure can be applied as is, leading to higher quality
solutions than those obtained by UC and MM-UC.

7. Uncertainty on the demand and energy prices

Here, we study the case where the uncertainty considered is not only on the
demand, but also on the selling and purchase prices. Our goal is to investigate if
this extension results in further savings. In addition to demand ranges, now we

consider that for each scenario £ € I' and time period ¢t € T prices fall within
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MM-UC MMR-UC
Instance  robLewvel sav%  time sav% time n.TL n.cuts
10_1_A -6.62 242 948  1058.51 495 35.8
0.001 1.33 236 1.10 523.10 6 30.5
0.005 523 254 6.54 974.61 49 40.9
0.01 875 251 11.32  1115.26 74 439
0.02 536 242 1646 1197.73 91 40.4
0.03 -5.58 241 16.69  1198.80 91 35.2
0.04 -19.82  2.28 11.02  1200.04 92 31.4
0.05 -41.63 244 324 1200.05 92 28.1
10.2_.A -5.22  0.84 11.89 731.61 289 45.0
0.001 1.63 072 1.40 164.58 1 28.5
0.005 6.72 0.71 6.48 337.53 5 36.9
0.01 10.18  0.80 11.11 523.50 17 45.0
0.02 851 0.81 16.80 840.38 46 55.0
0.03 -2.15  0.90 17.79 996.20 63 53.8
0.04 -19.86  0.94 17.29  1084.26 73 50.9
0.05 -41.55  0.99 12.37 117481 84 44.6
10.3_A 218  0.34 10.97 758.37 312 53.4
0.001 1.57 028 1.35 102.46 1 29.5
0.005 721 028 6.20 276.92 4 43.2
0.01 11.00 0.28 10.82 513.96 10 57.5
0.02 10.07 0.33 16.54 943.48 47 70.9
0.03 148 0.36 15.38  1095.92 73 64.2
0.04 -13.81 043 16.43  1179.29 87 57.7
0.05 -32.80  0.39 10.11 1196.58 90 50.8
104_A -8.29 0.82 10.35 810.11 349 40.2
0.001 1.14  0.75 1.32 182.48 1 28.0
0.005 6.17 0.76 5.98 386.39 11 36.1
0.01 7.89  0.77 10.28 603.74 22 44.1
0.02 5.01 0.87 16.35  1002.30 58 50.7
0.03 -8.19  0.87 17.10  1123.80 78 45.8
0.04 -25.48  0.92 11.80  1172.05 87 40.0
0.05 -44.56  0.81 9.64  1200.03 92 36.7
10.5_A -3.95  0.82 9.57 900.86 396 40.5
0.001 1.18  0.83 1.42 232.22 0 30.1
0.005 6.38 0.85 6.33 572.82 13 435
0.01 9.20 0.90 11.15 878.35 46 49.4
0.02 8.61 0.89 16.65 1068.93 71 45.9
0.03 -0.15  0.79 13.37  1154.86 83 41.7
0.04 -17.51  0.75 1092  1198.78 91 37.9
0.05 -3536 0.73 7.14  1200.05 92 34.8
tot/avg -5.25  1.05 10.45 851.89 1841 43.0

Table 2: Training set results (10 units).
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(a) KMEANS Clustering (10 units)
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(b) EM Clustering (10 units)

Figure 2: Effects of robustness level on savings
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Saving (%) Saving (%)
Cluster  Instance MM-UC MMR-UC Instance MM-UC MMR-UC
KMeans 6.47 14.73 5.76 8.84
10_1.B 6.58 14.26 20_1.B 6.86 8.92
10.2_.B 4.72 15.97 202B 597 6.93
103B 6.76 15.37 203B 5.83 9.24
10.4.B 7.04 15.06 204B 6.34 9.78
10.5.B 7.22 13.01 20.5B 3.77 9.34
EM 8.68 15.80 9.05 11.75
10_1_.B 8.61 15.67 20_1.B 9.72 12.66
10.2_.B 8.02 15.24 202B 8.91 9.00
10.3.B 11.27 17.07 203B 9.30 12.07
104B 6.60 14.16 204.B 10.89 14.41
10.5.B 8.87 16.84 205B 6.41 10.64
tot/avg 7.57 15.26 7.40 10.30

Table 3: Performance on Test Set.

Saving (%)

Cluster  Instance MM-UC MMR-UC
EM 9.05 13.68
20_.1.B 9.72 14.47

202B 891 11.07

203B 9.30 14.61

204B 10.89 17.77

20.5B 6.41 10.50

tot/avg 9.05 13.68

Table 4: Performance with 12 hours time limit.
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the ranges e € [e;, e/ ] and ¢F € [q;,¢]. To avoid arbitrage, purchase prices
are considered to be larger than or equal to selling prices (i.e., e, > ¢, for all t).
To solve the MM-UC we need to extend Theorem 1 in order to take into account
price ranges.
Theorem 3. The scenario k that maximizes the cost F}, of a solution x is such
that, forallt € T, d¥ = d;f, e} = ¢; and ¢ = ¢, . Proof:
In addition to the considerations in Theorem 1, ef = ¢ and ¢f = ¢, Vte T
because, as shown by [5], they appear only in the objective function with positive
and negative sign, respectively. [J

Theorem 3 proves that the optimal solution to the MM-UC is obtained by
solving the UC in the scenario that has the largest demand, the highest purchase
prices, and the lowest selling prices. Similarly, to solve the MMR-UC we need to
extend Theorem 2 as follows:
Theorem 4. The scenario k that maximizes the regret of a solution z is such that,
forallt,df = d; ord], el =e; oref andef = e; ore; .

Proof:
For any scenario j such that either di < d/ < df ore; <el <ef orgy <ql <
q; , there exists a scenario k with d¥ = d; or d; and e} = ¢; ore; and ef = ¢; or
ef for which Fy, — F; > F; — F;. Let p} = ), x}, be the total energy produced in
period ¢ associated with the optimal solution of the UC problem under scenario k.
Similarly, let bf and s¥ be the optimal purchasing and selling decisions associated
with the production plan z*, which is optimal for the solution of the UC problem

under scenario k.

1. If d; < d} < d and p, > d; then by making d¥ = d; the regret associated

with solution z either remains the same if pf = p/ or it increases if pf < p].
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Because df < d{, at optimality, pf’ cannot be greater than p{ .

2. Ifd; <d] <d; and p; < d; then by making d* = d the regret associated
with solution x either remains the same if pf = p{ or it increases if pf > p{ .
Because d¥ > d/, at optimality, p¥ cannot be less than p].

3. Ife; < e} < ¢ and by; > b] then by making ef = ¢; the regret associated
with solution z increases by exactly (by; - bf e - e{ ) when pf=p{ (and
therefore b¥ = b} ) and by more when pf > p!.

4. Ife; <e] <ef and by < b] then by making e¥ = e; the regret associated
with solution x increases by exactly (bf - by; )(e{ - e, ) when p,’f = pZ (and
therefore b} = b)) and by more when pf < p/.

5. The cases related to g, < ¢/ < ¢;" are similar to 3 and 4.

Theorem 4 proves that we need to consider only the scenarios where demand
and prices assume boundary values. To generate the regret-maximizing scenario,
we cannot use the SG model. If the constants e; and ¢; in SG become variables,
the SG model becomes nonlinear. Therefore, we tackle the scenario-generation
subproblem (step 4, Figure 1) heuristically. The heuristic procedure, reported in
the Appendix, is such that the regret increases at each step.

We performed the same test as in Table (3) and compared the performance of
the MMR-UC with price ranges to that obtained without the price ranges. On the
10-unit instances, the overall savings are 1.43% lower; on the 20-unit instances,
they are 10.81% lower. On one hand, considering price ranges models the problem
realistically but its increased complexity requires either a nonlinear or a heuristic
solution method; on the other hand, MMR-UC models the problem less realisti-

cally, but the solution method is exact. Clearly, our results suggest that the benefit

27



O©CO~NOOOTA~AWNPE

of using the exact method is greater than the benefit obtained by introducing price
ranges. Similarly, we performed the same comparison for the MM-UC approach,
but the performance obtained with price ranges is not statistically different from

that without price ranges.

8. Concluding remarks

In this paper, we investigated the benefits of robust approaches for the UC
problem. In particular, we tested the minimax and the minimax regret criteria
with and without price ranges, which required novel solution approaches. Our
results suggest that our method leads to significant savings compared to the current
approaches. We also tested different levels of forecast quality and found that the
savings yielded by our method are substantial both in the case of accurate and
in the case of inaccurate forecast. This has positive implications to smart grids,
where the demand can be somewhat adjusted in case of mismatch with supply.
Mathematically, the ability of “changing” the demand is equivalent to a better
quality demand forecast. Therefore, smart grids operators can potentially benefit
from our work too. Our computational results allow us to answer the research
questions formulated in the introduction.

Using a robust approach for the UC problem is beneficial. Although both MM-
UC and MMR-UC lead to significant savings, MMR-UC outperforms MM-UC.
The reason is that MM-UC always leads to overproduction (because it considers
only the case where the demand is highest) and, therefore, it incurs in unnecessary
energy trading. On the other hand, MMR-UC takes into account all possible de-
mand realizations, avoiding unprofitable energy trading. However, overproducing

is preferable to underproducing, as confirmed by the MM-UC outperforming UC.
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We attribute this to the fact that the purchase price is higher than the selling price.

Figure 2 graphically shows the impact of robustness on performance. If the
robustness range is too narrow, there is no advantage in adopting robustness; if the
robustness range is too wide, robustness leads to overproduction and, in the case
of the MM-UC, to monetary losses. If, on the other hand, the robustness range
is set to an intermediate level, both robust approaches (MM-UC and MMR-UC)
outperform the non-robust approach (UC).

One limitation of our approach is the generation of the prices, which are cal-
culated from the lower and upper bounds of the production cost. An analysis of
the generated instances suggest that while the lower bound is close to the produc-
tion price, the upper bound tends to be much farther. This asymmetry affects the
structure of the problem, by making it even more attractive to overproduce than
to underproduce. While our problem instances are available online, a promising
future development is designing other data generation procedures. Also, we hope
that utility companies apply our ideas to their real-world data.

Interestingly, including uncertainty on market prices is detrimental to the solu-
tion quality. The reason, as discussed in Section 7, lies in the increased complexity
of the solution method needed to generate scenarios. Our scenario generator pro-
cedure (see Appendix for further details) is heuristic; however, since it iteratively
solves a UC problem, it is time consuming, limiting in this ways the number of
scenarios generated within the time limit. A different approach to generating sce-
narios may consist of using alternative nonlinear approaches; however, we leave

this extension as a future development.
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Appendix A. Scenario Generation in the case of price and demand ranges

We consider the problem of generating the scenario that maximizes the regret with
respect to the current set of scenarios. Unlike the case where the uncertainty is
only on the demand, here we cannot solve the SG problem efficiently, as it be-
comes nonlinear. Instead, we tackle this problem with a heuristic method. The
procedure starts by constructing an initial scenario £ = 0 that results in a posi-
tive regret. Considering the absolute difference between the production p and the

extreme values of the demand range (d, and d,), the initial scenario is built as

follows:
- LN T 9 — -
& — d; if p, is “closer” to d; than to d;
d, otherwise
e if py is “closer” to d; than to d;
0 — t t t
s
e; otherwise
g if p, is “closer” to d; than to d;
0 = t t t t
V=

q, otherwise

If a small amount of energy in time period ¢ is produced (i.e., p; is “closer” to d,
than to d;"), a scenario with high demand and high trade costs is generated. In
this way, the regret increases because the master solution is forced to buy energy
at a high price. If, on the other hand, a large amount of energy in time period
t is produced (i.e., P, is “closer” to d; than to d; ), a scenario with low demand
and low trade costs is generated. In this way, the master solution is forced to sell
energy at a low price, while the target scenario has the advantageous option of

purchasing at a low price.
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The initial scenario (€°, ¢°, d°) does not necessarily maximize the regret. There-
fore, the local search procedure outlined in Figure A.3 is executed to improve upon
the initial regret value. At steps 3—6, the current scenario is modified in accordance
to the Regret-Increasing Rules presented below, in order to increase the regret. At
steps 7-8, the optimal solution under the modified scenario is updated by solving
the UC. The local search terminates when the regret value stops increasing. Our
procedure is an approximation of the optimal solution to SG, where the demand

and prices are determined heuristically. We refer to it as the SG’ procedure.

begin

1. Compute initial values of €°, ¢°, and d°

2. repeat

3 Compute values p; for each time period ¢

4 for each ¢

5 Modify e, ¢;, and d; according to the Regret-Increasing Rules;

6. end for

7 Solve the UC' and compute the production values p, for each time period ¢;
8 Compute the current regret

9. until the regret stops increasing

end.

Figure A.3: SG’ Local Search

The solution method is the same as that in Figure 1, except that the scenario is
built using the algorithm described in Figure A.3. Note that, because the scenarios

are generated using a heuristic procedure, the Bender Decomposition for MMR-
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UC is a heuristic method. We compared the solution quality it obtains by to the
one obtained by generating all scenarios via complete enumeration in step 1 (that
is, by setting [ = I'). Our tests show that the Heuristic Bender Decomposition

method finds near-optimal solutions.

Regret-Increasing Rules: Let p; be the production of the SG’ solution at time
t and p; the production of the master solution at time ¢. For each of the follow-
ing cases, we must find prices and demand values that increase (do not decrease)
the regret value. The goal is finding a combination for which the objective func-
tion of the current SG’ solution (without re-optimizing it) increases by less (or,

equivalently, decreases by more) than that of the master solution.

1.op <d; <pp <df.

o If d; = d, set d; = d; . The SG’ objective decreases by e;(d; — d; ),
while the master objective decreases by a smaller quantity, e;(d;” —
Pe) + @ (P — dy).

o Ife; = e/, sete; = e, . The SG’ objective decreases by (d; — py)(e;” —

e; ), while the master objective decreases by a smaller quantity A,

where
(df —po)(ef —ey) ifdy =df

0 if d, = d;

A\ =

e If ; = ¢, set ¢ = q; . The SG’ objective does not change, while the
master objective increases by a non-negative quantity A\, where
0 if d; = df
(Be —dy ) g —q) ifdy=dy

A:
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2. pp<df <p<df
o Ifd, = d;, setd; = d;. The master objective increases by ¢;(d,;” —d; ),
while the SG’ objective increases by a smaller quantity, e;(d;” — p;) +
G (pe — dy; ).
o If e, = ¢, set e; = ef. The master objective increases by (d; —

p:)(el — e; ), while the SG’ objective increases by a smaller quantity

A, where
e ey ird =y
0 if dy = dy

o If ¢, = q; , set ¢, = ¢;". The master objective does not change, while
the SG’ objective decreases by a non-negative quantity A, where
0 ifd; = df
(pe —d ) g —q) ifdi=d;

A\ =

3. dy <p<df <pr
o Ifd; = d;f, setd; = d; . The SG’ objective decreases by q;(d,” — p;) +
ei(py —d; ), while the master objective decreases by a smaller quantity,
q:(di —dy).
o Ife;, = e;r , set e; = e, . The master objective does not change, while

the SG’ objective decreases by a non-negative quantity A, where
(df —p)(ef —ep) ifdy=df
0 ifdy =d;

A\ =

o If ¢ = ¢, set ¢ = ¢, . The master objective increases by (p; —

dy)(q; — q; ), while the SG objective increases by a smaller quantity
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A, where
0 ifd, = df

(pe —dy ) (g —q7) ifdy=d;

A:

4. d; <p <df <p,
e If d; = d; , setd; = d;". The SG’ objective increases by ¢;(d; — d; ),
while the master objective increases by a larger quantity, e;(d;" — p;) +
(e — dy ).
o Ife; = ¢, , sete; = e . The SG’ objective does not change, while the

master objective increases by a non-negative quantity A, where
0 ifdy =dy
(di —pe)(e —ep) ifdy=df

A:

o If ¢, = ¢, , set ¢, = ¢;". In this way, the SG’ objective decreases by
(p: — d¢)(q;” — g; ), while the master objective decreases by a smaller
quantity A\, where

(P —dy )@ —qr) ifdy=dy
0 ifd, = d

A\ =

5. p < dp <df <.
o If d; = d, set d; = d; . The master objective decreases by ¢;(d,; —
d; ), while the SG’ objective decreases by a larger quantity, e;(d;” —
dy).
o If e, = e;r , set e; = e, . The master objective does not change, while
the SG’ objective decreases by a non-negative quantity (d; — p;)(e;” —

e )-
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If ¢ = g, set ¢; = q¢; . The SG’ objective does not change, while the

master objective increases by a non-negative quantity (p; — d;)(q; —
a )-

d; <df <p

If d; = d;, setd; = d; . The master objective increases by e;(d;” —d; ),
while the SG’ objective increases by a smaller quantity, ¢;(d,” — d;").
Ife, =e,,sete, = ej . The SG’ objective does not change, while the
master objective increases by a non-negative quantity (d; — p;)(e; —
e )

If ¢ = q; , set ¢, = ¢;". The master objective does not change, while
the SG’ objective decreases by a non-negative quantity (p; — d;)(q," —

G )-

7.d; <p<p<df

If d, = d, set d, = d; . The master objective decreases by q(py —
d; ) +ei(df — p;), while the SG’ objective decreases by a larger quan-
tity, qi(pe — di’) + eidi” — py).

If e, = e, sete; = e, . If d; = d, the master objective decreases
by (df — p:)(e — e; ), while the SG’ objective decreases by a larger
quantity, (d — p;)(e; — e; ). If, on the other hand, d; = d, , neither
the master nor the SG’ objective changes.

If ¢ = q, set q = ¢, . If d; = d;, the master objective increases
by (p: — d; )(¢;” — q; ), while the SG’ objective increases by a smaller
quantity, (p; — d; )(¢;” — ¢; ). If, on the other hand, d; = d;", neither

the master nor the SG’ objective changes.
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8. dy <p<p <df

e If d; = d;, setd; = d. The SG’ objective increases by ¢;(p; — d; ) +

e¢(d; — p;), while the master objective increases by a larger quantity,
(D — dy ) + e(df — p)-

If e, = e, sete, = e;. If d, = d;f, the SG’ objective increases by
(df — pi)(e; — e; ), while the master objective increases by a larger
quantity, (d — p;)(e; — e; ). If, on the other hand, d; = d; , neither

the master nor the SG’ objective changes.

If ¢ = q; ,setq = q . If d, = d;, the SG’ objective decreases by
(p: — d; )(q — q; ), while the master objective decreases by a smaller
quantity, (p; — d; )(q;" — ¢, ). If, on the other hand, d; = d;", neither

the master nor the SG’ objective changes.

9. p <Py < dy <djf

o Ife; = ¢/, sete; = e, . The SG’ objective decreases by (d; — p;)(e;” —

e; ), while the master objective decreases by a smaller quantity (d; —

p)(ef —e).

10. p <py < dp <df

+

o If ¢, = ¢, set e, = ¢;". The master objective increases by (d; —

pt)(e; — e; ), while the SG” objective increases by a smaller quantity

(dy — pt)(e? —e )

11. d?édféptéﬁt

o If ¢, = ¢, set ¢ = q; . The SG’ objective increases by (p; — d;)(q,” —

q; ), while the master objective increases by a larger quantity (p;, —

de) (g — a7 ).
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12. dt_édféﬁtépt

o If ¢4 = ¢, set ¢ = ¢;. The master objective decreases by (p; —

di)(q — q; ), while the SG’ objective decreases by a larger quantity

(pr — de) (g —a7).

References

[1] P. Kouvelis, G. Yu, Robust discrete optimization and its applications,

Springer, 1997.

[2] A. Kasperski, Discrete optimization with interval data, Springer, Berlin,

2008.

[3] T. Assavapokee, M. Realff, J. Ammons, A new min-max regret robust op-
timization approach for interval data uncertainty, Journal of Optimization

Theory and Applications 137 (2008) 297-316.

[4] I. Averbakh, Minmax regret solutions for minimax optimization problems

with uncertainty, Operations Research Letters 27 (2) (2000) 57-65.

[5] H. Aissi, C. Bazgan, D. Vanderpooten, Minmax and minmax regret versions
of combinatorial optimization problems: A survey, European Journal of Op-

erational Research 197 (2) (2009) 427-438.

[6] D. Bertsimas, M. Sym, The Price of Robustness, Operations Research 52 (1)
(2004) 35-53.

[7] D. Bertsimas, M. Sim, Robust discrete optimization and network flows,

Mathematical Programming 98 (1-3) (2003) 49-71.

37



O©CO~NOOOTA~AWNPE

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

N. Padhy, Unit CommitmentA Bibliographical Survey, IEEE Transactions
on Power Systems 19 (2) (2004) 1196-1205.

A. Frangioni, Gentile, Solving Nonlinear Single-Unit Commitment Prob-
lems with Ramping Constraints, Operations Research 4 (54) (2006) 767—
775.

L. Zhao, B. Zeng, Robust Unit Commitment Problem with Demand Re-

sponse and Wind Energy, Optimization Online (2010) 1-26.

A. Frangioni, C. Gentile, F. Lacalandra, Sequential Lagrangian-MILP Ap-
proaches for Unit Commitment Problems, International Journal of Electrical

Power (2010) 1-23.

A. Frangioni, C. Gentile, F. Lacalandra, Solving unit commitment problems
with general ramp constraints, International Journal of Electrical Power &

Energy Systems 30 (5) (2008) 316-326.

A. Borghetti, A. Frangioni, F. Lacalandra, A. Lodi, S. Martello, C. Nucci,
A. Trebbi, Lagrangian relaxation and tabu search approaches for the unit

commitment problem, Proc. IEEE Porto Power Tech. Conf.

S. Takriti, B. Krasenbrink, L. Wu, Incorporating fuel constraints and elec-
tricity spot prices into the stochastic unit commitment problem , Operations

Research 48 (2) (2000) 268-280.

M. Nowak, R. Schultz, M. Westphalen, A Stochastic Integer Program-
ming Model for Incorporating Day-Ahead Trading of Electricity into Hydro-
Thermal Unit Commitment, Optimization and Engineering 6 (2) (2005)
163-176.

38



O©CO~NOOOTA~AWNPE

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

M. Zhang, Y. Guan, Two-stage robust unit commitment problem, Online

Optimization 1-10.

R. Jiang, M. Zhang, G. Li, Y. Guan, Two-Stage Robust Power Grid Opti-

mization Problem, Online Optimization 1-34.

R. Jiang, M. Zhang, G. Li, Y. Guan, Benders Decomposition for the Two-
Stage Security Constrained Robust Unit Commitment Problem, Online Op-

timization.

D. Bertsimas, E. Litvinov, X. Sun, J. Zhao, T. Zheng, Adaptive robust op-
timization for the security constrained unit commitment problem, Technical

report, Massachusetts Institute of Technology, Cambridge, MA, USA.

G. P. Ribas, S. Hamacher, A. Street, Optimization under uncertainty of the
integrated oil supply chain using stochastic and robust programming, Inter-

national Transactions in Operational Research 17 (6) (2010) 777-796.

I. H. Witten, E. Frank, Data mining : practical machine learning tools and
techniques, Morgan Kaufmann series in data management systems. Amster-

dam; Boston, MA: Morgan Kaufman., 2005.

T. Moon, The expectation-maximization algorithm, Signal Processing Mag-

azine, IEEE 13 (6) (1996) 47 —60. doi:10.1109/79.543975.

J. A. Hartigan, M. A. Wong, Algorithm as 136: A k-means clustering algo-
rithm, Journal of the Royal Statistical Society. Series C (Applied Statistics)
28 (1) (1979) pp. 100-108.

39



