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1 Introdu
tionThe optimal short�term s
heduling of the ele
tri
al energy produ
tion [1℄ aimsat determining whi
h generating units should be online and the 
orrespondingoptimal generation of thermal and hydro units along the s
heduling period,usually 24 hours, in order to minimize the expe
ted total 
ost satisfying thefore
asted system load. The s
heduling task leads to a nonlinear mixed�integerprogramming problem. Moreover, this problem is 
oupled in time by the max-imum speed that generating units, spe
ially thermal units, are able to 
hangethe produ
ed energy (known as up and down ramps), and also by the topol-ogy of the hydroele
tri
 power plants, with a delay in hours between the waterof a reservoir being used and the availability of that water in the reservoirsdownstream. A really large number of variables, both 
ontinuous and dis
retevariables, is needed to properly model this problem. Many approa
hes havebeen proposed for the resolution of this optimization problem, ranging fromDynami
 Programming to Linear Mixed�Integer Programming or LagrangianRelaxation [2℄, the latter being the most widely used optimization method in
ommer
ial programs. Geneti
 Algorithms (GAs) [3,4℄, a general-purpose sto-
hasti
 sear
h method based on the me
hani
s of natural sele
tion, have alsobeen su

essfully applied to the ele
tri
al energy s
heduling problem sin
e theadaptation is quite straightforward due to the 
ombinatorial nature of thisproblem. In the last few years, the Interior�Point (IP) or Logarithmi
�Barrier
lass of methods has be
ome the preferred numeri
al approa
h to solve non-linear optimization problems, as a 
onsequen
e of its enhan
ed 
apability todeal with inequality 
onstraints [5,6℄. Sin
e the early developments, intendedfor Linear Programming problems, many improvements have been proposedin order to extend the appli
ation of IP methods to 
onvex and non�
onvexnonlinear problems. These re�nements have to do with step�size 
ontrol [7℄,line�sear
h te
hniques to for
e 
onvergen
e to a lo
al minimum from arbitrarystarting points [8,9℄, use of trust regions [10℄, among others. However, despitethese improvements, its performan
e on mixed�integer problems is frequentlydisappointing be
ause the solution is far from the global optimum [11℄. Thishas raised the interest in 
omputationally expensive algorithms taken fromthe arti�
ial intelligen
e area su
h as evolutionary methods [12℄, tabu sear
h[13℄, parti
le swarm optimization [14℄, simulated annealing [15℄ or ant 
olonyoptimization [16℄. Although 
onvergen
e to the global optimum 
annot be the-oreti
ally guaranteed, the ability to es
ape from lo
al minima makes them anattra
tive 
hoi
e for many appli
ations [17,18℄.In this paper, a GA applied to the optimal short�term (24 hours) ele
tri
alenergy produ
tion s
heduling is presented. Some heuristi
s are in
luded inorder to assure the feasibility of the 
onstraints that appear in the problem.Results from real�world 
ases based on Spanish power system are reported.The ele
tri
 energy produ
tion s
heduling presents a large number of vari-2



ables and 
onstraints, a non 
onvex nonlinear obje
tive fun
tion and integerand 
ontinuous variables. Thus, the main di�
ulty is to �nd feasible solutionsand the novelty of the paper is addressed to improve the feasibility. The main
ontributions of the en
oded GA 
an be stated as: a pro
edure to generatethe initial population taking into a

ount the ramp 
onstraints; dynami
 
on-straints of minimum limits on the hourly energy produ
tion of the thermalunits to 
onsider the starting and stopping periods as an alternative to thein
lusion of other binary variables to model these states; a 
rossover operatoradapted to the features of this problem leading to an adequate per
entageof feasible individuals; and sparsity te
hniques and optimal ordering used toredu
e the 
omputational overhead. In spite of the sparsity te
hniques, a po-tential limitation of the GA is rather related to the CPU time when a 
omplextopology of hydroele
tri
 power plants is analyzed.The paper is organized as follows: Se
tion 2 presents the equations used tomodel the s
heduling problem, leading to a nonlinear mixed�integer program-ming problem with a large number of both 
ontinuous and dis
rete variables.In Se
tion 3 a brie�y des
ription of the primal�dual IP algorithm is made.Se
tion 4 introdu
es the proposed GA, and several implementation issues thatare 
ru
ial to obtain feasible solutions are dis
ussed. Finally, Se
tion 5 reportssome results obtained from realisti
 
ases based on the Spanish power system,and the main 
on
lusions of the paper are outlined.2 Formulation of the problemThe obje
tive of the s
heduling problem is to determine the on/o� state andthe energy produ
tion of thermal and hydro units at ea
h hour of the s
hedul-ing period, in order to minimize the total 
ost of the system satisfying thefore
asted hourly demand and the te
hni
al 
onstraints of thermal and hydropower plants.The standard notation used for the s
heduling of the ele
tri
al energy pro-du
tion problem is summarized in Table 1. This notation des
ribes �xed pa-rameters of the thermal and hydro units, indexes, number of elements andvariables.2.1 Obje
tive Fun
tionThe total energy produ
tion 
ost of the s
heduling period is de�ned by
CT =

nt∑

t=1

ng∑

i=1

[Ci(Pi,t) + SUi · Ui,t · (1 − Ui,t−1) + SDi · (1 − Ui,t) · Ui,t−1](1)3



Table 1De�nition of the data and variables of the problemData or �xed parameters
SUi The start�up 
ost of the thermal unit i ( C)
SDi The shut�down 
ost of the thermal unit i (C)
Ci(·) Quadrati
 
ost fun
tion of the thermal unit i ( C)
P m

i
Lower bound of the hourly energy produ
tion of the thermal unit i (MWh)

P M
i

Upper bound of the hourly energy produ
tion of the thermal unit i (MWh)
PHm

h
Lower bound of the hourly energy produ
tion of the hydro plant h (MWh)

PHM
h

Upper bound of the hourly energy produ
tion of the hydro plant h (MWh)
V Hm

h
Lower bound of the water level of the reservoir h in terms of energy (MWh)

V HM
h

Upper bound of the water level of the reservoir h in terms of energy (MWh)
URi Upper bound of the up rate of the thermal unit i (MWh/h)
DRi Lower bound of the down rate of the thermal unit i (MWh/h)
Wh In�ow of the reservoir h in terms of energy (MWh)
Dt Energy demand at hour t (MWh)
Rt Generating 
apa
ity in reserve at hour t (MWh)

DTi Number of hours that the unit i must be shut-down after stopping
UTi Number of hours that the unit i must be fun
tioning after starting
d(k) Water delay time between reservoir k and the next reservoir downstream (in hours)
n(k) Next reservoir downstream regarding the reservoir kIndexes and number of elements

i Thermal unit index
h Hydro plant index
t Hour index

ng Number of thermal units
nh Number of hydro plants
nt Number of hours of the s
heduling periodVariables
Pi,t Energy produ
tion of the thermal unit i at hour t (MWh)
Ui,t on/o� state of the thermal generator i at hour t

PHh,t Energy produ
tion of the hydro plant h at hour t (MWh)
V Hh,t Stored energy of the reservoir h at hour t (MWh)where nt is the number of hours of the s
heduling period, ng is the number ofthermal units, ea
h having a quadrati
 
ost fun
tion, Ci(Pi,t), of the energyprodu
tion, Pi,t; SUi and SDi are, respe
tively, the start�up and shut�down
ost of the thermal generator i, and Ui,t is a binary variable representing theon/o� state of the thermal generator i at hour t.It 
an be observed that the total produ
tion 
ost is a sum of quadrati
 fun
-tions of the energy of ea
h thermal generator if the state of ea
h generatorwas previously stated by the GA. This is the 
ase of the proposed te
hniquebe
ause the on/o� states are managed by the GA. Noti
e that the produ
tion
ost is only due to the produ
tion of thermal generators Pi,t, i.e., generatorsthat produ
e energy by burning a fuel or by atomi
 means. Hydro units pro-4



vide free�of�
harge energy PHh,t that is only subje
t to the availability ofwater in the 
orresponding reservoirs.2.2 ConstraintsThe minimization of the obje
tive fun
tion is subje
t to te
hni
al 
onstraints,water balan
e in hydroele
tri
 power plants and the asso
iated reservoirs, andto the system energy demand and reserve balan
es:
• Maximum and minimum limits on the hourly energy produ
tion of the ther-mal and hydro generators,

P m
i ≤ Pi,t ≤ P M

i i = 1, . . . , ng t = 1, . . . , nt (2)
PHm

h ≤ PHh,t ≤ PHM
h h = 1, . . . , nh t = 1, . . . , nt (3)where nh is the number of hydro plants, PHh,t is the energy produ
tionof hydro plant h at hour t, and P m

i , P M
i , PHm

h and PHM
h are the limitson the hourly energy produ
tion of the thermal unit i and hydro plant h,respe
tively.Eq. 2 
annot be ful�lled when thermal generators are either starting orstopping, as starting and stopping periods begin respe
tively when the 
or-responding state 
hanges to ON or OFF. In order to avoid this problem,this equation is modi�ed for thermal units that are either being started�upor shut�down,

0≤Pi,t ≤ P M
i i = 1, . . . , ng t = 1, . . . , nt (4)Moreover, the energy produ
ed by thermal units during periods of shutting�down (Ui,t = 0) is out of the optimal s
heduling. Consequently, penaltyterms proportional to this energy are added to the obje
tive fun
tion asfollows

C ′

T = CT +
nt∑

t=1

ng∑

i=1

Cp · Pi,t · (1 − Ui,t) (5)
• Maximum up and down ramps of thermal units. The thermal units 
an notin
rease or de
rease the produ
tion of energy at 
onse
utive hours by morethan a given maximum rate,

−DRi ≤ Pi,t − Pi,t−1 ≤ URi i = 1, . . . , ng t = 1, . . . , nt (6)where URi y DRi are respe
tively the maximum up and down rates of thethermal generator i, usually known as ramp limits.
• Limits on the available water. The hydro units use water to generate ele
-tri
al energy and water is a limited resour
e. Thus, the energy produ
ed by5



a hydro unit is limited by the volumen of available water in the asso
iatedreservoir. In 
onsequen
e, reservoir levels are subje
t to 
apa
ity limits,
V Hm

h ≤ V Hh,t ≤ V HM
h h = 1, . . . , nh t = 1, . . . , nt (7)where V Hh,t is the stored energy of reservoir h at hour t, 
orresponding tothe hydro unit h; V Hm

h and V HM
h are respe
tively the minimum and max-imum limits on the stored energy imposed by the maximum and minimumpossible water level of reservoir h.

• Hydrauli
 
oupling between reservoirs. Time 
oupling exits due to 
as
adedreservoirs, sin
e the water used to produ
e energy in a hydro unit will beavailable later to the next hydrauli
 unit downstream with a 
ertain delay,obviously when the water has arrived to the 
orresponding reservoir.
V Hh,t = V Hh,t−1 − PHh,t +

∑

n(k)=h

PHk,t−d(k) + Wh (8)where d(k) is the water delay time in hours between reservoir k and the nextreservoir downstream, n(k), that is supposed to be reservoir h, and Wh isthe natural in�ow of reservoir h.
• The total hourly energy produ
tion must be equal the total energy demandat that hour, Dt, whi
h has been previously fore
asted.

ng∑

i=1

Pi,t · Ui,t +
nh∑

h=1

PHh,t = Dt t = 1, ..., nt (9)
• The total energy that 
an be produ
ed at ea
h hour must ex
eed the fore-
asted demand by a spe
i�ed amount, Rt, i.e., the generating 
apa
ity inreserve to be used if an unexpe
ted event su
h as the failure of a plant or alarge error on the fore
asted demand happens.

ng∑

i=1

P M
i · Ui,t +

nh∑

h=1

PHM
h ≥ Dt + Rt t = 1, ..., nt (10)

• Minimum up and down times of thermal units. The minimum up time, UTi,is the minimum number of hours that the unit i must be fun
tioning afterstarting. Besides, the minimum down time, DTi, is the minimum numberof hours that the unit i must be shut-down after stopping.
DTi−1∑

k=0

(1 − Ui,t+k) ≥ DTi if unit i is shut-down at hour t (11)
UTi−1∑

k=0

Ui,t+k ≥ UTi if unit i is started at hour t (12)Start�up and shut�down 
osts of realisti
 
ases tend to redu
e the num-ber of shut�downs and start�ups to a minimum, making the minimum�time6




onstraints useless in most 
ases. Moreover, the in
lusion of hydrauli
 gen-eration fa
ilitates the ful�llment of the thermal unit 
onstraints be
ause thehydro units are faster in response and produ
e energy at no 
ost, i.e., thehydrauli
 energy will be strategi
ally distributed among the hours of thes
heduling horizon in order to avoid the starting of more thermal units thanthe stri
tly required.As an example, Table 2 shows the number of 
onstraints, binary and 
ontin-uous variables of the above problem for a test system 
omprising 49 thermalunits, 2 hydro units and the s
heduling horizon embra
ing 24 hours.Table 2Dimension of the problem for a test systemNumber of VariablesNumber of Constraints Binary Continuous
(2 · ng + 3 · nh + 2) · nt + 2 · ng ng · nt (ng + 2 · nh) · nt2642 1176 12723 Primal�Dual IP AlgorithmAmong the distin
tive features of the above optimization problem, the mostimportant are: large number of variables and 
onstraints in pra
ti
al 
ases;non 
onvexity of the obje
tive fun
tion; and presen
e of integer and 
ontinuousvariables. The IP methods only 
an be applied when all the variables of theproblem are 
ontinuous. An alternative frequently used in pra
ti
e 
onsists inrelaxing the dis
rete nature of Ui,t and imposing instead the next 
onstraint:

0 ≤ Ui,t ≤ 1 (13)This leads to a simpli�ed model without dis
rete variables whi
h requires thata heuristi
 pro
edure be applied during or at the end of the iterative pro
essin order to determine the best integer value for every Ui,t. Thus a mixed�integer programming problem is 
onsidered from a 
ontinuous perspe
tive.In addition, every dis
rete variable 
an be handled as a 
ontinuous variableprovided that the following quadrati
 
onstraint is added:
Ui,t · (1 − Ui,t) = 0 (14)However, this pro
edure in
reases the non�linearity and non�
onvexity of theinitial problem. 7



Based on the above 
omments and pra
ti
al experien
e, the following pro-
edure has been 
hosen to solve the optimal short�term s
heduling of theele
tri
al energy produ
tion.(1) the problem is solved adding the 
onstraint (Eq. 13).(2) using the obtained solution in the before step to initialize the IP algo-rithm, solve the problem in
luding the 
onstraint (Eq. 14).A brief des
ription of a 
lassi
al IP algorithm is provided next. This methodintrodu
es auxiliary positive sla
k variables in order to turn inequality restri
-tions into equality 
onstraints:
xj ≤ xj ; xj + sj = xj sj ≥ 0 (15)where xj represents any variable subje
t to a limit, and sj is the 
orrespondingpositive sla
k variable.In order to guarantee the positiveness of the sla
k variables, logarithmi
 penaltyterms are in
luded in the obje
tive fun
tion by means of a penalty fa
tor µthat is progressively redu
ed throughout the iterative pro
ess [5℄.
f ′(xj , sj, µ) = f(xj) − µ

∑

j

ln sj (16)The main steps of the IP algorithm are the following:(1) Initialize the variables so that the sla
k variables are positive.(2) Initialize the penalty fa
tor µ so as to make the logarithmi
 terms domi-nate over the original obje
tive fun
tion.(3) The minimization of the 
orresponding Lagrangian fun
tion is performedby solving the nonlinear optimality equations using a one�step Newton'salgorithm, and the optimal in
rement of primal and dual variables is
omputed.(4) The step�length α is redu
ed, if ne
essary, so that the sla
k variablesremain positive. Lagrange multipliers asso
iated to equality 
onstraintsarising from the introdu
tion of auxiliary sla
k variables must also remainpositive be
ause optimality 
onditions lead to equations of the form:
sj · zj = µ (17)where zj is the Lagrange multiplier asso
iated with the sla
k variable sj .(5) Update primal and dual variables taking into a

ount the ne
essary step�length limitation.(6) Redu
e the penalty fa
tor µ. The proportional relationship between thepenalty fa
tor and the duality gap (dugap) de�ned by Eq. 17 provides8
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Fig. 1. Stru
ture of the linear system in
luding �ll�ins.the most 
ommon approa
h to redu
e this penalty fa
tor:
µ = γ ·

∑nl

j=1 sj · zj

nl

(18)9



where γ ≤ 1 and nl is the number of inequality 
onstraints of the originalproblem.Steps 3 to 6 are iteratively repeated until optimality 
onditions are satis�edand the penalty 
oe�
ient µ, and 
onsequently the average duality gap, issmall enough. More sophisti
ated versions of steps 3 and 4, in
luding linesear
hes, modi�ed Hessians, et
. [8�10℄ 
ould be needed in the non 
onvex 
ase,in order to avoid divergen
e or 
onvergen
e to una

eptable points. However,su
h re�nements have not been a
tually implemented be
ause the behaviourof the IP method has proven good enough for the appli
ation tested.The appli
ation of Newton's method to solve the nonlinear optimality equa-tions yields a very large, sparse linear system, spe
ially when ramp and hy-drauli
 
ouplings are 
onsidered. Consequently, sparsity te
hniques and opti-mal ordering [19℄ must be used to redu
e the 
omputational overhead.Figure 1 shows the �ll�ins generated when solving a small example (5 hydroplants, 5 thermal plants and a 5�hour s
heduling horizon), with and withoutoptimal ordering. It 
an be noted that the �ll�ins are redu
ed a 50% approx-imately when an optimal ordering is made. Table 3 shows relative exe
utiontimes of the IP algorithm for two realisti
 problems (73 thermal plants, 24hours, 8 and 30 reservoirs, respe
tively). As 
an be noti
ed, exe
ution timesgrow 
onsiderably with the number of variables, spe
ially when standard or-dering is performed. Finally, Figure 2 shows the relative overhead of the dif-ferent pro
esses 
omprising the IP algorithm.Table 3Relative exe
ution time and iteration number.Natural ordering Optimal orderingNo. of variables Iterations Time Iterations Time2376 33 4.00 34 1.003960 27 140.98 34 2.454 The Proposed Geneti
 AlgorithmAs presented in the previous se
tion, the optimal s
heduling of the ele
tri
energy produ
tion is a nonlinear, non�
onvex, 
ombinatorial, mixed�integerand very large problem. Hen
e, there is no te
hnique that would always leadto the optimal solution of the problem for realisti
 
ases. In the last years,te
hniques based on heuristi
s, dynami
 programming, linear mixed�integerprogramming and lagrangian relaxation have been applied to this parti
ularproblem. Te
hniques based on heuristi
s rely on simple rules that depends on10
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Fig. 2. Relative overhead of the di�erent pro
esses.the knowledge of power plant operators. Constraints of realisti
 problems arenot properly modelled by dynami
 programming approa
hes, and the numberof required states in
reases exponentially, thus leading to ex
essive 
omputa-tion times. Linear programming approa
hes 
annot properly model neither thenonlinear obje
tive fun
tion nor the nonlinear 
onstraints, and 
rude approx-imations are required. Finally, the use of heuristi
 te
hniques is required bylagrangian relaxation approa
hes to 
al
ulate feasible solutions, deterioratingthe quality of the obtained solutions.Consequently, new methods are still needed to obtain more optimal solutionsto realisti
 problems. In this paper, a GA [20,21℄ has been used to solve thes
heduling problem due to its ability to deal with nonlinear fun
tions andinteger variables.The proposed GA algorithm is used to 
ompute the optimal on/o� states ofthermal units, i.e., the binary variables, while the optimal 
ontinuous variables,i.e., the hourly energy produ
tion of hydro and 
ommitted thermal units, are
al
ulated solving a typi
al quadrati
 programming problem by a 
lassi
al IPoptimization algorithm in whi
h the on/o� states of thermal units are known.Convergen
e 
hara
teristi
s of GA depend on several key implementation is-sues that are dis
ussed in the rest of this se
tion.4.1 Codi�
ation of the individualsEa
h individual is represented by the on/o� states of thermal generators dur-ing the s
heduling period. Thus, individuals are represented by 0/1 matri
es,with 
olumns 
orresponding to time s
heduling intervals and rows asso
iated11



with thermal units. If the element (i, j) is equal to one, the state of thermalunit i during time interval j is on. Similarly, if the element (i, j) is equal tozero, the state of thermal unit i during time interval j is o�.

Hours of the Scheduling Horizon


Th
er

m
al

 U
ni

ts



1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 0 0 0 0 0 0 0 0


                              
 .....


0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1

1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0
Fig. 3. Representation of an individual of the population.Figure 3 shows the representation of a 
ertain individual of the population. It
an be observed that the thermal unit 1 is on from 1am to 4am and the restof hours is o�; the thermal unit 2 is o� from 1am to 6am and the rest of hoursis on; the thermal unit 3 is on during all s
heduling horizon; the thermal unit

4 is only on from 11am to 4pm, et
.4.2 Initial PopulationUp and down ramp 
onstraints of thermal units (Eq. 6) are a key fa
tor in the
onvergen
e of the GA: if the initial population is stri
tly randomly sele
ted,ramp 
onstraints lead to many infeasible individuals in the initial genera-tion, whi
h makes su

essive generations su�er from poor diversity, and theGA may 
onverge prematurely. To assure that the initial population 
ontainsan adequate per
entage of feasible individuals, initial on/o� s
hedulings arerandomly sele
ted but modi�ed to a

ount for the minimum start�up andshut�down times imposed by ramp 
onstraints. For example, if generator g,with a maximum down ramp equal to 100 MWh, is on at hour 3 produ
ing anenergy of 400 MWh, this generator would require 4 hours to shut�down and,
onsequently, the generator at hours 4, 5 and 6 should be on. The state Ug,3 isstri
tly randomly generated but the states for the following hours, Ug,4, Ug,5and Ug,6, are given by
Ug,3 = 1 ⇒ Ug,4 = Ug,5 = Ug,6 = 1 (19)12



4.3 Fitness Fun
tionThe �tness fun
tion evaluates the quality of an individual of the population.In this 
ase, the fun
tion is the inverse of the total produ
tion 
ost of the indi-vidual. The total produ
tion 
ost is obtained solving a quadrati
 programmingproblem by using a nonlinear Interior Point method [22,23℄. An extra�high�
ost �
titious generator is in
luded to satisfy the system demand (Eq. 9).This �
titious generator generates the ne
essary energy that the rest of gen-erators 
annot produ
e to satisfy the demand of the 
ustomers. A penaltyterm proportional to the de�
it in reserve requirements is added in the 
ostfun
tion aiming at satisfying the reserve 
onstraint. Penalty terms only applyto infeasible individuals, whi
h are 
onsequently eliminated throughout theevolutionary pro
ess.4.4 Sele
tion OperatorTo produ
e a new generation, parents are randomly sele
ted using a roulettewheel sele
tion te
hnique that sele
ts the best individuals for reprodu
tion.The probability of a parti
ular individual being sele
ted is in proportion toits �tness fun
tion, taking into a

ount that the total generation 
ost, in
lud-ing possible penalizations, is being minimized. The individuals 
hosen to beparents are in
luded in the following generation.4.5 Crossover OperatorO�spring is obtained by adding the binary strings that results from randompartitions of ea
h row, as shown in Figure 4a. A 
olumn�partitioning pro
eduremay also be applied (Figure 4b). This 
rossover operator is a parti
ular 
aseof the multi�point 
rossover operator where the number of points is equal tothe number of rows or 
olumns, respe
tively.As rows are asso
iated with the thermal units, the �rst approa
h yields mainlythe infeasibility of new individuals in terms of minimum up and down times(Eqs. 11 and 12), while the se
ond approa
h has an e�e
t bigger on the 
on-straint of the demand (Eq. 9) and the reserve (Eq. 10). This above statementis shown in the next example. Let be a test system 
omprising four thermalunits and a 4�hour s
heduling horizon. The minimum up and down time are
2 hours for all thermal units. Two individuals sele
ted to be parents are rep-resented in Figure 5. Figure 6 shows the 
hildren obtained using a 
rossoveroperator by rows from the random partition (1, 2, 1, 2). It 
an be observedthat the 
hildren do not satisfy the Eqs. 11 and 12 (generator three) while13
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Fig. 4. Crossover Operator: a) random partitions of rows; b) random partitions of
olumns.the Eqs. 9 and 10 
an be feasible. Figure 7 shows the 
hildren obtained usinga 
rossover operator by 
olumns from the same partition. It 
an be observedthat the individual on the right does not satisfy the Eqs. 9 and 10 sin
e allgenerators are o� at hours 3 and 4. However, in this 
ase the Eqs. 11 and 12are ful�lled.
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Fig. 7. Children by partitions of 
olumns.14



The 
rossover probability has been set to one, i.e., two individuals that havebeen sele
ted to be parents are always 
ombined to obtain a new individual.In the �nal version of the GA, the 
rossover by rows has been 
hosen be
ausestart�up and shut�down 
osts of realisti
 
ases, along with the in
lusion of hy-drauli
 generation, tend to redu
e the number of shut�downs and start�ups toa minimum, making the minimum�time 
onstraints useless in most 
ases. Allthe rows are always 
ombined to obtain a new individual, though probabilitiesmight have been used to determine whi
h rows should be 
ombined.4.6 Mutation OperatorAfter the 
rossover pro
ess, the individuals of the population are mutatedto introdu
e some new geneti
 material a

ording to a pre�de�ned mutationprobability p. Consequently, the per
entage of mutated individuals of a gener-ation is equal to 100p%. The mutation of an individual means the mutation ofan only gene. The gene to be mutated is represented by a randomly sele
tedgenerator and time interval, element (i, j) of the matrix representing a parti
-ular individual. The mutation of a gene implies 
hanging the state on/o� ofthe generator.5 Test ResultsThe GA algorithm have been applied to several realisti
 
ases based on theSpanish generation system, 
omprising 49 thermal units and one equivalenthydrauli
 generator, the s
heduling horizon embra
ing 24 hours. Hourly sys-tem demand 
orresponds to a working day.The main parameters of the implemented GA are as follows: 5000 for themaximum number of generations; 100 for the size of the population; 1 forthe probability of 
rossover and 0.1 for the probability of mutation. To avoidany misinterpretation of the experimental results, the GA has been applied 10times to the optimal s
heduling ele
tri
al energy produ
tion.Figure 8 shows the evolution of the �ttest individual 
ost and the average
ost of the generation throughout the evolutionary pro
ess for 10 runs, withand without reserve requirements (Figures 8a and 8b, respe
tively). It 
an benoti
ed that the initial population improves its quality throughout the gener-ations. This fa
t is due to the adopted heuristi
s to generate the initial popu-lation taking into a

ount the ramp 
onstraints and the modi�ed 
onstraints(Eq. 4) to assure the feasibility of the solutions at starting and stopping pe-15
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Fig. 8. Evolution of the best individual and average 
osts: a) reserve requirements
onsidered; b) no reserve requirements 
onsidered.riods. Obviously, reserve requirements lead to higher operating 
osts, bothin the best solution (3152.71 and 3109.51 thousands of Euros, respe
tively)and in the average (3170.90 and 3132.02 thousands of Euros, respe
tively). Tomake this fa
t more 
lear, the evolution of the last generations is depi
ted inFigure 9.Figure 10 presents the optimal thermal and hydrauli
 generation, along withthe evolution of the marginal 
ost during the s
heduling period. The marginal
ost represents the in
rement of 
ost when the system demand in
reases in oneMWh, i.e., the hourly 
ost of the energy. Ramp 
onstraints are only in
luded16
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Fig. 9. Evolution of the best individual and average 
osts: a) reserve requirements
onsidered; b) no reserve requirements 
onsidered.in the se
ond 
ase (Figure 10b). Note that, when ramps are 
onsidered, ahigher 
ost, fast�response generator is needed at hour 22 to satisfy a smallpeak of demand. As expe
ted, the total operating 
ost is higher when rampsare in
luded (3119.1 and 3109.5 thousands of Euros, respe
tively). It 
an beobserved that the marginal 
ost has a similar shape to the ele
tri
 energydemand. This means that the ele
tri
 energy produ
tion is more expensiveduring the peak hours, i. e., hours with higher demand. The strategy followedby the GA is the optimal strategy. As the hydrauli
 generator does not haveasso
iated 
osts (hydrauli
 terms do not appear in the obje
tive fun
tion (Eq.1)), the hydrauli
 generator produ
es the maximum energy (7000 MW) inmost of the hours of the s
heduling period and the rest of the energy demandis ful�lled by the produ
ed energy for the thermal generators.17
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Fig. 10. Optimal thermal and hydrauli
 generation: a) no ramp 
onstraints 
onsid-ered; b) ramp 
onstraints 
onsidered.Figure 11 shows the optimal s
heduling of a thermal generator, ignoring itsramp 
onstraints (Figure 11a) and 
onsidering them (Figure 11b). Noti
e thatramps modify the optimal s
heduling when the generator is starting and stop-ping. The penalty term imposed to the obje
tive fun
tion when Ui,t = 0 (Eq.5), for
es the generator to adjust its output to the least possible value 
om-patible with the ramp 
onstraint (hours 15 and 16). Moreover, the minimumpower of the thermal generators is equal to zero at starting and stopping peri-ods. Due to these 
onsiderations in these periods, a larger number of feasibleindividuals is obtained. Similar 
onsiderations apply when the generation isstarting (hours 20 and 21).Finally, Figure 12 shows the solution provided by the proposed GA applied18
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Fig. 11. Optimal s
heduling of a thermal generator: a) no ramp 
onstraints 
onsid-ered; b) ramp 
onstraints 
onsidered.to the optimal s
heduling of 49 thermal units and two 
as
aded reservoirswith a delay of 10 hours and all the energy initially stored in the upstreamreservoir. Note that the downstream reservoir 2 
annot start produ
ing untilwater released by generator 1 arrives. As 
an be noti
ed, the total availablehydrauli
 energy 
annot be used. This fa
t is due to the hydrauli
 
onstraintsand to the maximum power of generators. It is important to use the totalavailable hydrauli
 energy sin
e the hydro plants do not have asso
iated 
ostsas the fuel is water. Consequently, the optimal strategy is to 
onsume allthe hydrauli
 energy and the rest of the energy demand is 
ompleted by theprodu
ed energy for the thermal generators.The performan
e of the GA is then 
ompared to the IP algorithm des
ribedbefore for two 
ases: a small test system 
omprising �ve thermal units and theabove system based on the Spanish generation system without hydro units.19
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Fig. 12. Optimal thermal and hydrauli
 generation of a 
ase with two 
as
adedreservoirs and all energy initially stored in the upstream reservoir.The ramps and the reserve requirements have been in
luded in both 
ases. Theresults obtained are given in Table 4. It 
an be observed that the GA leads tobetter feasible minima for both systems, being rather notable in the real 
ase.Obviously, the IP algorithm reveals mu
h better performan
e in CPU time.In the IP algorithm, the number of �tness evaluations means the number oftotal iterations sin
e the problem is solved twi
e: �rst, adding the 
onstraints(Eq. 13) and later, 
onsidering the 
onstraints (Eq. 14).Figure 13 presents some di�eren
es between the solutions obtained from the20



Table 4Comparison of GA and IP in terms of the obje
tive fun
tion CT , the number of�tness evaluations and the relative CPU time.Obje
tive Fun
tion Number of Fitness Relative(Euros) Evaluations CPU TimeGA IP GA IP GA IPTest System 528832 594407 100000 37 737 1Real System 4708849 4881891 500000 48 2800 1GA and the IP algorithm for the thermal generators 4 and 5 in the small testsystem. Basi
ally in both solutions the generators 1, 2 and 3 are always on.The generators 4 and 5 are only on at minimum power during peak hours(7am-11am and 7am-12pm respe
tively) in the GA. However, in the solutionobtained using an IP algorithm these generators are on at minimum powerin most hours of the day (8am-12am for the generator 4 and 1am-3am and6am-12am for the generator 5). The produ
ed energy for the generator 3 isadjusted to satisfy the demand depending on the state of the generators 4 and5 as 
an be observed in Figure 14.
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Fig. 13. Di�eren
es between the solutions obtained by the GA and the IP for thegenerators 4 and 5.Finally, the Table 5 shows the 
onvergen
e of the IP algorithm for the 
asebased on the real system. First the problem is solved in
luding the 
onstraints(Eq. 13) only to obtain an initialization point. Consequently, in this 
ase thestopping 
riteria are not hard and 17 iterations are enough. Later, the same21



problem is solved with the 
onstraints (Eq. 14) using the former solution asinitialization. In this 
ase the stopping 
riteria must be more stri
t and 31iterations have been need. Noti
e that the penalty fa
tor and the averageduality gap approa
h zero throughout the iterations.
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Fig. 14. Di�eren
es between the solutions obtained by the GA and the IP for thegenerator 3.
6 Con
lusionsIn this paper an evolutionary te
hnique applied to the optimal short�term (24hours) ele
tri
 energy produ
tion s
heduling has been proposed. The equationsde�ning the model of the problem have been presented leading to a nonlinearmixed�integer programming problem with a large number of 
ontinuous andinteger variables. Some heuristi
s have been introdu
ed to assure the feasibilityof the solutions obtained by the GA, and key implementation issues have beendis
ussed. Results from realisti
 
ases based on the Spanish power system havebeen 
ompared with that of a IP algorithm, revealing the good 
onvergen
e
hara
teristi
s and the remarkable performan
e of the proposed GA.Further resear
h will be addresed to improve the modelling of realisti
 
ases tode
rease the 
omputational 
ost of the GA for real systems in
luding hydro-ele
tri
 power plants and to test other possible implementations of the sele
-tion, 
rossover and mutation operators maintaining the per
entage of feasibleindividuals of the population. In the other hand, the GA and IP algorithms willbe adapted to deal with multiple lo
al minima in non�
onvex and nonlinearoptimization problems. 22



Table 5Convergen
e of the IP algorithm.Constraints Constraints
0 <= Ui,t <= 1 Ui,t · (1 − Ui,t) = 0Iteration µ α dugap µ α dugap1 1.000E+04 0.35 9.982E+03 1.000E+03 0.23 9.974E+022 8.984E+03 0.27 9.678E+03 9.974E+01 0.30 7.270E+023 8.711E+03 0.39 9.278E+03 7.270E+01 0.64 3.103E+024 8.351E+03 0.72 8.473E+03 3.103E+01 0.78 9.312E+015 7.625E+03 0.99 7.603E+03 9.312E+00 0.99 1.027E+016 7.603E+02 0.99 8.281E+02 1.027E+00 0.99 1.120E+007 8.281E+01 0.99 9.030E+01 1.120E-01 0.99 1.221E-018 9.030E+00 0.99 9.846E+00 1.221E-02 0.99 1.331E-029 9.846E-01 0.99 1.074E+00 1.331E-03 0.99 1.452E-0310 1.074E-01 0.99 1.170E-01 1.452E-04 0.88 3.026E-0411 1.171E-02 0.99 1.275E-02 3.026E-05 0.75 9.822E-0512 1.275E-03 0.99 1.383E-03 9.822E-06 0.45 5.863E-0513 1.380E-04 0.77 4.244E-04 5.863E-06 0.34 4.066E-0514 3.820E-04 0.99 1.912E-04 4.066E-06 0.35 2.796E-0515 1.900E-05 0.88 3.225E-05 2.796E-06 0.20 2.283E-0516 2.900E-05 0.99 1.461E-05 2.283E-06 0.54 1.168E-0517 1.000E-06 0.56 6.810E-06 1.168E-06 0.48 6.676E-0618 6.676E-07 0.10 6.049E-0619 6.049E-07 0.24 4.735E-0620 4.735E-07 0.20 3.895E-0621 3.895E-07 0.26 2.987E-0622 2.987E-07 0.37 1.984E-0623 1.984E-07 0.43 1.220E-0624 1.220E-07 0.28 9.084E-0725 9.084E-08 0.22 7.264E-0726 7.264E-08 0.29 5.369E-0727 5.369E-08 0.30 3.926E-0728 3.926E-08 0.39 2.543E-0729 2.543E-08 0.65 1.043E-0730 1.043E-08 0.67 4.090E-0831 4.090E-09 0.24 3.200E-08A
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