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A Seeded Memetic Algorithm for Large Unit Commitment Problems

Abstract: The paper shows that the use of a memetic algorithm (MA), a genetic algorithm
(GA) combined with local search, synergistically combined with Lagrangian relaxation is
effective and efficient for solving large unit commitment problems in electric power systems. It
is shown that standard implementations of GA or MA are not competitive with the traditional
methods of dynamic programming (DP) and Lagrangian relaxation (LR). However, an MA
sseded with LR proves to be superior to all alternatives on large problems. Eight problems
from the literature and a new large, randomly generated problem are used to compare the
performance of the proposed seeded MA with GA, MA, DP and LR. Compared with
previously published results, this hybrid approach solves the larger problems better and uses
less computational time.

Keywords: unit commitment, electrical power generation, genetic algorithm, Lagrangian
relaxation, memetic algorithm.



A Seeded Memetic Algorithm for Large Unit Commitment Problems

1. Introduction

The Unit Commitment Problem (UCP) is to determine a minimal cost turn-on and turn-off
schedule of a set of electrical power generating units to meet a load demand while satisfying a
set of operational constraints (Sheble and Fahd 1994). The production costs include fuel,
startup, shutdown, and no-load costs. Constraints include capacity reserve, minimum up/down
time, maximum power flow in the transmission lines and operating limits. The UCP is a mixed
combinatorial and continuous optimization problem, which is very complex to solve because of
its enormous dimension, a non-linear objective function, and a large number of constraints.
Well known traditional techniques such as integer programming (IP) (Dillon et al. 1978, Garver
1963), dynamic programming (DP) (Lowery 1996, Snyder et al. 1987), branch and bound
(Cohen and Yoshimura 1983), Bender’s decomposition (Baptistella and Geromel 1980), and
Lagrangian relaxation (LR) (Bard 1988, Zhuang and Galiana 1988) have been used to solve the
UCP. More recently, metaheuristic approaches have been used such as simulated annealing
(SA) (Zhuang and Galiana 1990), tabu search (Xiaomin et al. 1996), and genetic algorithms
(GA) (Kazarlis et al. 1996, Orero and Irving 1998). Other problem-specific heuristics can be
found in (Lee 1980, Sheble 1990, Tong et al. 1991).

This paper puts forth a new approach for solving large UCP, a memetic algorithm (Gen
and Cheng 1997, Radcliffe 1994) that combines a GA seeded with LR results with local search.
The term memetic algorithm (MA) comes from the notion of a meme, a unit that can be
modified by thought or experience before being passed along (Dawkins, 1976). This is
different from a gene, which is passed unaltered by the being’s experience. Radcliffe (1994)

first formally defined a memetic algorithm as one that integrates local search as part of the



reproductive mechanism. Results show that this approach can yield excellent schedules at
computational times that allow timely management of electrical power systems.

2. Unit Commitment Problem Formulation

As is true for many systems, an electric power system experiences cycles. The demand for
electricity is higher during the daytime and lower during the late evening and early morning.
This cyclical demand requires that utility companies plan for generation of power on an hourly
basis. The problem is first to decide which of the available units to turn on, and then to
determine an economical dispatch schedule of the units. Determining an optimal economical
dispatch schedule of a set of generating units to meet a load demand while satisfying a set of
operational constraints is called the unit commitment problem (UCP). The following notation
IS used:

System parameters:

CFi(p) : Cost of producing p units of power by unit i

SU; : Start up cost of unit i
u(t) : Load at time t (demand)
r(t) : Power reserve at time t (in case of unit failures)

Decision variables:

Pi(t) : Amount of power produced by unit i at time t
vi(t) : Control variable of unit i at time t
[0 if unitiis off at timet

V. (t)= ) .. .
(0 EL if unitiison at time t
Auxiliary variables:

Xi(t) : Consecutive time that unit i has been up (+) or down (-) at time t
1(X) : Logic function defined by
if xis false

if X is true

[0
I(X):Ell

The objective of the standard UCP is to minimize the sum of two cost terms. The first term

is the cost of the power produced by the generating units, which depends on the amount of fuel



consumed. The second term is the start-up cost of the generating units, which for thermal units,

depends on the prevailing temperature of the boilers.

2.1 Fuel Cost

For a given set of N committed units at hour t, the total fuel cost, at that particular hour, is
minimized by economically dispatching the units subject to the following constraints:
a) The total generated power must be equal to the demand (also called load).
b) The power produced by each unit must be within certain limits (minimum and
maximum capacity).
This problem is called Economic Dispatch (ECD) and it can be stated as follows (the subscript t

is omitted for simplicity):

N
min CF = ) CF(P
Zl (R)
Subject to

1
2) P™ <P < Pp™ i=1,2,....N

2.2 Start-up Cost

The start-up costs relate to turning a unit on. If the thermal unit has been off for a long period,
a cold start-up cost will be incurred. If the unit has been recently turned off (temperature of the
boiler is still high), a hot start-up cost is applied. Two functions are commonly used to model
start-up costs as a function of the temperature: two-step (Kazarlis et al. 1996) and exponential
functions (Bard 1988, Turgeon 1978).

a) Two-step function



cold start

(5, if —x(t)st
(=0 :
5. otherwise

teoid start 1S the number of hours that it takes for the boiler to cool down. The Sy and S; costs are
the start-up costs incurred for a hot and cold start, respectively.

b) Exponential function

~ max(0,-x(t-1))

S(t) =b,(1-e r ) +b,
Start-up costs are incurred only when a transition from state off to on occurs, which can be

expressed as follows:

CS(t) = S(OV(L)(L - v(t —1)

2.3 Obijective function

Consequently, the objective function of the unit commitment problem for N generating units

and T hours can be written as follows:

mini i[CE(R(t»vi (t) + Cs,(1)]

t=11=1
Subject to the constraints
N
a) Demand: > Vi ()P (t)=u(t) =1,...T
=1
b) Capacity limits : V(OP™ < P(t) < v (t)P™ t=1,...,T; i=1,....,N

il

¢) Minimum uptime and minimum downtime =

v 2 1@ x(t-1)<t, -1) t=1,...,T; i=1,....,N



vi(t) S1-1(-t, +1<x(t -1 <-1) t=1,...,T;i=1,....,N

d) Power reserve:
N
D Vi(R™ 2 u(t) +r(t) t=1,...,T
1=1

The total amount of power available at each hour must be greater than the load demanded. The
reserve power available, denoted by r(t), is used when a unit fails or an unexpected increase in
load occurs.

3. The Genetic Approach

A genetic algorithm (GA) is an adaptive search based on natural selection, reproduction and
mutation (Gen and Cheng 1997, Goldberg 1989). The following sections define the genetic
encoding and operators that are used in the GA, the MA and the seeded MA.

3.1 Solution Encoding

A solution of the UCP is determined by both the on-off schedule, vi(t) (0-1 values), of the units
at each hour and the power, P;(t) (real values), generated by each individual unit every hour. In
this approach, the values of vi(t) are generated by the GA, while the optimum values of P;(t) are
computed by solving a nonlinear program with 2N constraints. The on-off schedule of the units
is stored as an integer-matrix V and the power generated as a real-matrix P with dimension
NxT. Figure 1 illustrates an example of encoding an on-off schedule. To save computer
memory, only one matrix P is stored, which corresponds to the GA solution for which the
fitness value is being computed. Using this encoding, the computer memory required for

storing a population of 50 solutions of a power generation system with 100 units and a time

! The minimum uptime and minimum downtime constraints state that a unit that is running must be up for at least
ty, hours and a unit that is down must stay down for at least ty hours. The minimum uptime constraints arise from
physical considerations associated with thermal stress on the units and are designed to prevent equipment fatigue.



horizon of 24 hours is approximately 118 Kbytes (50x100x24/1024 Kbytes). An alternative
encoding, used in (Mantawy et al. 1997), is to represent each row of the matrix V by its
corresponding decimal number. Although this can obtain a significant reduction in computer
memory, the processing time increases since every time the fitness function and constraints are
evaluated the decimal numbers need to be translated to their corresponding 0-1 values. A
discussion of the matrix representation in GA can be found in Whitley (1997), however this

focuses on encoding permutations rather than zero / one entries.

Hour

1234l T
1|1010111 ......................... 0|
2|0110101 ......................... 1|

_ 3|1000110 ......................... 1|

Units

4|0010101 ......................... 0|
N|1110111 ......................... 1|

Figure 1: Encoding an on-off schedule (matrix V).

3.2 Fitness function

The fitness of a solution V is evaluated as the total production cost plus a penalty for those
constraints that are violated:

Fitness(V) = Total_fuel_cost(V) + Total_start_up cost(V)+ Penalty(V)
To evaluate the total fuel cost of a given solution V, the optimal value of P needs to be
determined by solving T different (one at each hour) ECD sub-problems. An ECD sub-problem

consists of economically dispatching those units whose entries in V are equal to “1”. Using the

The minimum downtime constraints, on the other hand, are based on economic considerations intended to prevent
excessive maintenance and repair costs due to frequent unit cycling.



Lagrange multiplier, the ECD sub-problem at hour t can be stated as the following system of N

equations:

—dpit) Eicwa» + A®u() —z Pi(t)]Evi (t)=0 =1 N

Subject to the constraints
v, (H)P™ < P(t) < v, (t)P™ i=1,....N
Assuming that the fuel cost can be modeled by a quadratic function (Bard 1988, Kazarlis et al.
1996, Turgeon 1978, Wood and Wollenberg 1996), the fuel cost of producing p units of power
using generating unit i is found by:
CF(p) =a, +a,p +a,p° ($/MW) (1)
The coefficient terms are determined by the price of the fuel ($/Mbtu) and the amount of fuel
required per unit of power generated (Mbtu/MW). The Lambda-iteration method, described in
(Wood and Wollenberg 1996), is used to solve this system of equations. The procedure has
complexity O(N) and is as follows:

Lambda-iteration procedure

1. Setinitial values for A(t) and A
2. Repeat
21Fori=1toN
dCF, (P, (t))

2.1.1. Calculate P;(t) from dP (1)

= A(t)

N
2.2 Calculate e=u(t) =) R(t)
1=1

23if (e<0)thenset A(t)=A(t)-A
else set A(t) = A(t) +A
2.4 Set A=A/2
3. Until |&| < Tolerance

Once the optimal values of Pj(t) are found, the total fuel cost is computed by adding the fuel



cost of all generating units over the time horizon T. The total start-up cost is calculated by
adding the start up costs of those units that change their states from “0” to “1”.

Finally, the penalty term is evaluated by adding the penalties of unmet load and unmet
minimum up/down time constraints. The penalty due to unmet load is computed by penalizing

the unmet load and power reserve requirements with a unit figure of m $/MWH:
T N T N |:|
LP = mﬁz max{0, u(t) +r(t) = 3 v, (R™} + 3 max{O,u(t) -3 (R (HID
=1 i=1 t=1 i=1

The penalty due to unmet minimum up/down time constraints is a dynamic penalty that is
minimal at the early stages of evolution and grows with each generation. This allows solutions
that satisfy the load requirements and do not meet the minimum up/down time constraints to
evolve into feasible solutions. The unmet minimum up/down time penalty is calculated as

follows:

Minup|down penalty = k xn,/ngen
where n is the total number of minimum up/down time constraints violated, ngen is the number

of generations and k is a user defined constant.

3.3 Parent Selection

Tournament selection is used for selecting parents with the first parent the better of two
solutions in tournament and the second parent uniformly randomly chosen from the population.
While it is more common to have both parents selected by a tournament, this increases selective
pressure that can lead to convergence to local optima. By choosing one parent randomly
(essentially a tournament of size one), the selection pressure is reduced which tends to diversify

the population. Blickle (1997) provides a good discussion of selection intensity relative to



tournaments of various sizes.

3.4 Crossover

After using the standard two-point crossover operator and obtaining deficient results, a window

crossover operator was devised. This crossover operator is quite similar to that of Beasley

(1997), who also uses a matrix encoding. He applies three types of crossover operators — whole

row, whole column and square-patch. This latter type is essentially the same as the window

crossover. This crossover works by randomly choosing a window size. If the window size is

smaller than the remaining portion of the matrix, a child is created with the window portion

from the worse parent and the remaining portion from the better parent. This is reversed if the

window is larger than the remaining matrix entries, i.e., the child has more material from the

better parent, a version of parameterized uniform crossover (Spears and DeJong 1991). Figure

2 shows an example of the crossover operator.

3.5 Mutation

X

1010101010110
1010101010110
0010100010100
1000111010110
1010101010100
1000100010110

Figure 2: Window Crossover Operator.

Y

A\ Y

Crossover

Y

1011101110110
0011101010100
1010111010110
0010101010100
1010101010110
1011100010110

1010101010110
1011101010110
0010111010100
1010101010110
1010101010100
1000100010110

A standard mutation operator, where a bit of an offspring is flipped with probability 0.001, is

used.
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3.6 Evolution of Current Population

At the beginning of the algorithm an initial population of size p is randomly generated. Then
parents are chosen from the initial population to procreate a new population of p solutions
throughout crossover and mutation. The offspring are set in competition for survival with the
current population using a probabilistic version of (u+A) selection (Schwefel 1995). The
probabilistic aspect helps prevent premature convergence to a local minimum but still maintains
selection pressure. The contest for survival is as follows:
Replacing current population procedure
1. Define X as a member of the current population and Y as an offspring.
2. For each member X do
2.1. Select randomly a member Y from the offspring.
2.2. If fitness(Y) < fitness(X)

Add X to the new generation.
Else

Add Y to the new generation.
2.3. Remove X from current population.
2.4. Remove Y from eligible offspring.
3. Endfor.

3.7 Parameter Tuning

The algorithm was tuned using a small test problem (Wood and Wollenberg 1996) consisting of
four units and a time horizon of eight hours and adding a quadratic fuel cost term. The new
system has an optimal solution of $74,675 (found by enumeration). The system data is given in
Tables 1 and 2.

Table 1: Test System (Wood and Wollenberg 1996).

Unit 1 Unit 2 Unit 3 Unit 4

P (MW) 300 250 80 60
P™ (MW) 75 60 25 20

ay 684.74 | 585.62 | 213.00 | 252.00
ay 16.83 16.95 | 20.74 23.60
ay 0.0021 | 0.0042 0.0018 | 0.0034
ty (h) 5 5 4 1
taown () 4 3 2 1
Sh ($) (hot start) 500 170 150 0.00

11



S¢ ($) (cold start) | 1100 400 350 0.02
tcold start (h) S S 4 0
Initial State (h) 8 8 -5 -6

Table 2: Load and Reserve (Wood and Wollenberg 1996).
Hour 1 2 3 4 5 6 7 8
Demand (MWH) | 450 | 530 | 600 | 540 | 400 | 280 | 290 | 500
Reserve (MWH) | 45 | 53 | 60 | 54 | 40 | 28 | 29 | 50

The GA was run using m= $200 MWH and a population size of 50 and terminated after no
improvement in 100 consecutive generations. Because the GA response was quite variable over
20 replications (best solution $74,675 and worst solution $99,215), two operators were added.
First, a repair operator was added. This operator repairs solutions that are infeasible regarding
the minimum up/down constraints. The process of fixing a solution is done by evaluating the
state of each unit, x;(t). As it was previously defined x;(t) denotes the consecutive time that unit
i has been up (+) or down (-) at time t. For instance, x,(18) equal to —6 means that at hour 18
unit 2 has been down for 6 hours. The state of a unit is evaluated starting from hour 0. If at a
given hour t the minimum up or downtime constraint is violated, the state (on/off) of the unit at
that hour is reversed and x;(t) is updated. The process continues until the last hour has been

reached. Figure 3 illustrates an example of applying this repair operator to unit 7.

Unit 17
Initial State 3
MinUpTime :2
MinDownTime : 1

Repaired Solution
Unit7 | 1010101010110 | 1011101110110 |

Figure 3: Repair operator.

A swap mutation operator was also added. The swap operator uses the average full-load

12



costs (AFLC) of the generating units to perform a swap of unit states. The AFLC of a unit is
defined as the cost per unit of power ($/MW) when the generator is at its full capacity. When

the fuel cost is given by Equation 1, AFLC can be expressed as:

max

a
AFLC = *— +a, +a,P™ ($/MW)

The generating units are ranked by their AFLC in ascending order. This means that for any two
generating units i and j where i<j the inequality AFLC; < AFLC; holds. Units with lower AFLC
should have higher priority to be dispatched. At a given hour, the operator probabilistically
swaps the states of two units i and j only if the unit i is ranked better than unit j (i<j) and the
state of the units are “off” and “on”, respectively. This operator is a modified version of the
priority list dispatching heuristic (Lee 1991), where the generating units are committed in a pre-
determined order.

Swap Operator Procedure
1. Forh=1toTdo
1.1. Seti=1.
1.2. While (i<N)
1.2.1. if (uniti at hour h is OFF ) then
1.2.1.1. Search for the most expensive unit j that is ON.
1.2.1.2. With probability 0.7 unit i is turned ON and unit j is
turned OFF.
1.2.2. Seti=i+1;
1.3. Endwhile.
2. Endfor.

In Figure 4 an example of applying the swap operator to units 2 and 6 at hour h is illustrated.

h h

Unit 1 i — |1 1
. |0 1

\j 1 1

0 >0

TSN 1

_ L1 0

Unit N j—'>£ 0]

13



Figure 4. Swap operator.
The repair and swap operators are applied with probabilities p, and ps, respectively. The
minimum, maximum, and average of the best solutions over twenty replications is found in
Table 4 for values of p; and ps equal to 0.3, 0.7, and 1.0. The combination p,=0.7 and ps=0.3

provided the best results, though the search is not very sensitive to changes in p; and ps.
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Table 4: Parameter tuning results.

P Ps best average worst
0.3 0.3 74675 74959 75012
0.7 0.3 74675 74909 75012
1.0 0.3 74675 74976 75012
0.3 0.7 74675 74992 75012
0.7 0.7 75008 75009 75012
1.0 0.7 74675 74991 75012
0.3 1.0 75008 75009 75012
0.7 1.0 75008 75008 75012
1.0 1.0 75008 75008 75012

4. The Local Search

A modified Lamarckian approach was used to augment the GA, creating an MA. At each
generation, two local searches, 1-Opt and 2-Opt, were applied to the best solution of the new
generation. 1-Opt flips one bit of the solution matrix V, whereas 2-Opt switches the states of
two bits. The 2-Opt operator first searches for improvement by switching the states of two
units at each hour. Then, the search continues by switching the states of a unit at two different
hours. As soon as a better solution is found the local search is stopped and the modified
solution replaces the original solution in the new generation. To perform the search more
efficiently only changes that maintain solution feasibility regarding the minimum up and
downtime constraints are attempted. Additionally, to avoid reiterative local search, local search
is applied only if the solution is better than the best solution found so far. Figure 5 shows
results obtained by including these elitist local-search operators. It can be observed that the

memetic algorithm requires fewer generations to converge than the conventional GA.

15



$75,800

$75,600 4 o v oo e Conventional GA
> =

% $75,400 - . .
S ‘ Memetic algorithm
= $75,200 |
g8
2 $75,000 - /

$74,800 - NN

$74,600 ; ; ‘ ‘

5 10 15 20 25 30
Generation

Figure 5: Typical performance of the MA versus the GA.
5. Experimental Results
After tuning, the MA was tested with eight problems taken from the literature (Bard 1988,
Kazarlis et al. 1996, Turgeon 1978). The first three problems consist of ten units and a time
horizon of 24 hours, and the data is given in the Appendix. The optimal solutions to these
problems were found using DP with complete enumeration. The functions used to compute the
start-up costs of the units are different for each problem.

Start-up Cost Functions

~ max(0,-x(t-1))

Problem 1 (Bard 1988): S(t) =b,(1—e r ) +b,
Problem 2 (Turgeon 1978): S(t) =b,(1 —be™")

. |:Bc If - X(t) < tcold start
Problem 3 (Kazarlis et al. 1996): S(t) = % .
., otherwise

The other five problems are scaled versions of problem 3. The data of each unit of problem 3
was repeated 2, 4, 6, 8 and 10 times to obtain three problems with 20, 40, 60, 80, and 100 units,
respectively. The hourly loads and reserve requirements were scaled by the same factors.

The results — best, average, worst and coefficient of variation (CV) — of the

computational experiments are shown in tables 5, 6 and 7 with computational effort compared
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in table 8. Table 5 shows best solutions for each of the eight problems obtained by traditional
methods, DP and LR. The LR method was stopped when the procedure completed 5000
iterations. At each replication, the Lagrange multipliers were randomly initialized to make a
fair comparison with the GA and MA procedures. Table 6 shows the results of the MA and
table 7 shows the results of seeding the MA with the best solution obtained from the LR
method. In this case, the LR was run once with fixed initial values for the Lagrange multipliers.
The LR procedure was stopped after 100 iterations and the best solution was used to seed ten
replications of the MA. Figures 6a and 6b illustrate for each problem the results standardized
by the worst value obtained by each method. The CPU times reported in table 8 were averaged
over ten replications on a Sun workstation. Recall that the GA and MA are terminated after
100 generations with no improvement in the best solution. While the MA takes marginally
longer per generation because of the local search aspect}:! it converges much more quickly
resulting in significantly less overall computational effort.

Table 9 shows results from the GA approach of Kazarlis et al. (1996). It can be seen
that for the larger problems (P5 through P8), the MA seeded by LR of this paper provides better
results at a reduction in computational timeEJ. This is important because real UC problems are
large with many generators to schedule. Smaller problems are interesting only for academic
study and can reasonably be solved exactly using DP. The modest computational times of the
seeded MA will allow this scheduling to be done in a timely manner, e.g., day to day. Looking

at the worst results columns of tables 7 and 9 show that the MA/LR hybrid is significantly less

variable over random number seed and dominates the approach of Kazarlis et al. (1996) for all

2 The local search is done less than once per generation as it is only applied to solutions better than any yet seen.
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problems.

Table 5: Test results of traditional approaches.

DP LR (5,000 iterations)
Cost ($) Cost ($)
Problem [ N Search | Optimum Best Average Worst Ccv
space (%)
P1 10 1.7E72 540904 541278 541605 541656 0.021
P2 10 1.7E72 59478 59485 59486 59491 0.004
P3 10 | 1.7E72 565827 566107 566493 566817 0.060
P4 20 | 2.9E144 NA 1128362 | 1128395 | 1128444 0.004
P5 40 | 8.3E288 NA 2250223 | 2250223 | 2250223 0.000
P6 60 | 2.4E433 NA 3374994 | 3374994 | 3374994 0.000
P7 80 | 6.9E577 NA 4496729 | 4496729 | 4496729 0.000
P8 100 | 2.0E722 NA 5620305 | 5620305 [ 5620305 0.000
Table 6: Test results of GA and MA.
Genetic algorithm Memetic algorithm
Cost ($ Cost (%)
Problem Best Average Worst cv Best Average Worst Ccv
(%) (%)
Pl 541656 547527 555997 0.88 541108 545591 549290 0.61
P2 59882 60364 60977 0.74 59788 60271 60838 0.65
P3 565866 567329 571336 0.26 565827 566453 566861 0.07
P4 1128876 | 1130160 | 1131565 0.08 | 1127254 | 1128824 | 1130916 0.11
P5 2252909 | 2262585 | 2269282 0.28 | 2252937 | 2262477 | 2270361 0.29
P6 3377393 | 3394044 | 3401847 0.23 | 3388676 | 3394830 | 3408275 0.18
P7 4507692 | 4525204 | 4552982 0.21 | 4501449 | 4527779 | 4545305 0.33
P8 5626362 | 5669362 | 5690086 0.33 | 5640543 | 5665803 | 5698039 0.33
Table 7: Test results of using LR to seed the MA.
Problem LR Best Average Worst Ccv LR+MA
(100 iterations) $ % $ (%) | CPU Time(sec.)
P1 541656 541656 541656 541656 0.000 2 + 39
P2 60100 59892 59936 60100 0.123 2 + 126
P3 567663 566686 566787 567022 0.028 2 + 59
P4 1129633 1128192 1128213 1128403 0.006 5 + 108
P5 2250223 2249589 2249589 2249589 0.000 14 + 203
P6 3374994 3370595 3370820 3371272 0.005 16 + 560
P7 4496729 4494214 4494378 4494439 0.001 17 + 647
P8 5621796 5616314 5616699 5616900 0.003 21 + 1317

® The Sun Ultra 2 with dual 200MHz UltraSPARC CPU has a SPECfp95 of 14.7 while the HP Apollo 9000 model
720 used in Kazarlis et al. (1996) has a SPECfp95 of 2.02; the hardware used in this paper is roughly 7 times
faster than that of Kazarlis et al. (1996).
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Table 8: Average CPU time of one replication (in seconds).

Problem DP LR GA MA Combined LR and MA
P1 255 59 131 101 41
P2 207 55 209 161 128
P3 177 54 113 84 61
P4 - 108 374 287 113
P5 - 224 1600 1063 217
P6 - 335 3889 2772 576
pP7 - 446 6995 5145 664
P8 - 626 15068 10463 1338
Table 9. Results reported in [8]
Problem Best Worst GA
CPU Time(sec.)

P3 565825 570032 221

P4 1126243 1132059 733

P5 2251911 2259706 2697

P6 3376625 3384252 5840

pP7 4504933 4510129 10036

P8 5627437 5637914 15733

1.00
T
MA
worst LR GA MA LRMA
Avrg
GA LR-MA
Best - A
= iy - LR
0.97 LR GA MA LR-MA
P1 P2 P3 P4

Figure 6a: Results standardized by the worst value obtained by each method.

1.00

Worst

Avrg

Best

0.98

LR-MA

GA

LR-MA

MA

P5

P6

P7

P8

Figure 6b: Results standardized by the worst value obtained by each method.

To further gauge the performance of the hybrid approach and to ensure there was no




bias in scaling the larger problems off a smaller problem, a new, randomly generated problem
with 100 units was created (the problem data is given in Appendix B). Table 10 shows the
performance of the LR seeded MA against the LR run for 5000 iterations over ten seeds. It can
be seen that the results of this problem are similar to those of the earlier problems, with the best
performance of the hybrid approach improving 0.07% over LR with a manageable increase in
computation time.

Table 10: Test results for the large randomly generated problem.

Approach Best Average Worst cVv CPU Time(sec.)
©) % ©) (%)
LR 5774659 5779826 5783435 0.045 454
LR+MA 5770672 5774407 5776947 0.037 18 + 2022

6. Discussion

Several heuristic methods for solving the UC problem have been described. The results
obtained of solving nine instances of the UC problem showed that for problems of size equal or
less to 10 units the DP approach is the best choice (the optimal solution can be found in less
than four minutes). For problems of realistic size, consisting of 20 or more units, the combined
use of the LR and MA methods provides the best results. For the larger problems, this method
returned better solutions than those previously seen in the literature while reducing
computational time significantly (after allowing for hardware differences).

While the results showed that the MA without seeding provides, in less time,
comparable solutions to the GA, neither the MA nor the GA is as effective as the LR approach
or the combination of LR and MA. Running the LR procedure for a short time (100 iterations,
just enough to obtain a good feasible solution) and then using this solution to seed the MA is
dependable, efficient and effective. For the larger problems, the solutions obtained using this

approach were superior, even in the worst runs, to the results obtained by running the LR
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method much longer (5,000 iterations). While the MA was seeded with one copy of the LR
solution, the approach was not sensitive to the number of copies and performed almost as well
with five copies.

Because the schedules generated by the UCP are used continuously, any reduction in
cost can result in significant savings over an annual period. Additionally, this cost reduction
has positive environmental effects as fuel costs are minimized. As an example consider 1999
figures published by PJM Interconnection which manages the largest centrally dispatched
electric system in North America (PJM Interconnections 1999). In 1999, the electric energy
traded was $1.18 billion. PJM currently uses a central unit commitment algorithm run twice a
day to schedule about 500 units. By moving from an LR approach to a seeded MA approach,
0.07% might be saved (the results on the largest problem reported here), saving over $800
thousand per annum. Furthermore, this approach is feasible from a computational viewpoint.
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APPENDIX A

Table Al: System data for test problem P1 (Bard 1988).

Unit| P [p™ | a, | a a tup |tiown | Do | b T | Initial
hour | State
6 200| 50( 175| 7.054| 0.00515| 2 2 1360| 750 2 -1
2 400| 130( 400| 7.654| 0.00160| 3 2 1460| 650] 3 5
8 375| 110( 400| 7.762| 0.00171] 1 3 1370| 550 3 -1
4 420| 130| 420| 8.431| 0.00150| 1 3 1480 650 4 -2
10 250| 75| 200| 8.149| 0.00452| 2 1 1180| 625| 2 7
9 850 275| 725| 8.162| 0.00128( 4 3 2200| 950 4 2
3 600| 165 600| 8.752| 0.00147| 2 4 2100 950| 4 1
7 750 250( 600 9.121| 0.00131( 3 4 2300| 950 4 6
1 | 1000 300| 820 9.023| 0.00113| 5 4 2050( 825 4 -4
5 700 225| 540 9.223| 0.00234( 4 5 2100| 900 3 -8
Table A2: Load for test problem P1 (Bard 1988).
Hour 0 1 2 3 4 5 6 7
Load MWH 1025 (1000 | 900 | 850 | 1025|1400 [ 1970 | 2400
Reserve MWH |85 85 65 55 85 | 110 | 165 | 190
Hour 8 9 10 11 12 13 14 15
Load MWH (2850 | 3150 | 3300 | 3400 | 3275 | 2950 | 2700 | 2550
Reserve MWH |210 230 | 250 | 275 | 240 | 210 | 200 | 195
Hour 16 17 18 19 20 21 22 23
Load MWH |2725 | 3200 | 3300 | 2900 | 2125 | 1650 | 1300 | 1150
Reserve MWH (200 220 | 250 | 210 | 170 |130 100 | 90
Table A3: System data for test problem P2 (Turgeon 1978).
Unit | P™ | p™ | g, a 2 |te|town | bo | b: T |Initial
hours | State
10 | 200f 75| 82 1.2136| 0.00148| 5 2 227| 0.641) 0.11] 6
1 60| 15[ 15 1.4/ 0.0051| 5 2 85| 0.588 0.2| 6
5 150| 50| 29 154 0.00212| 5 | 2 | 113| 0.639 0.18| 6
4 120 25| 32 1.4| 0.00382( 5 2 94| 0.65| 0.18| 6
2 80[ 20| 25 15| 0.00396| 5 | 2 | 101| 0.594 02| 6
3 100f 30| 40 1.35| 0.00393| 5 2 114 0.57 0.2] 6
8 150| 50| 100{ 1.3285| 0.00135| 5 | 2 | 282| 0.749| 0.09| 6
7 520 250( 105( 1.3954| 0.00127| 5 2 267| 0.749( 0.09] 6
6 280 75| 72 1.35( 0.00261| 5 | 2 | 176/ 0.568[ 0.15| 6
9 320 120 49| 1.2643| 0.00289| 5 2 187( 0.617| 0.130f 6

24



Table A4: Load for test problem P2 (Turgeon 1978).
Hour 0 1 2 3 4 5 6 7
Load MWH | 1459 [ 1372|1299 | 1285 | 1271 | 1314 | 1372 | 1314
Reserve MWH | 146 | 137 | 130 | 129 | 127 | 131 | 137 | 131
Hour 8 9 | 10 | 11 | 12 | 13 | 14 | 15
Load MWH | 1271|1242 | 1197 | 1182 | 1154 | 1138 | 1124 | 1095
Reserve MWH | 127 | 124 [120 | 118 | 115 | 114 | 112 | 110
Hour 16 | 17 | 18 | 19 [ 20 | 21 | 22 | 23
Load MWH | 1066 | 1037 | 993 | 978 | 963 | 1022 | 1081 | 1459
Reserve MWH | 107 | 104 | 99 | 98 | 96 | 102 | 108 | 146

Table A5: System data for test problems P3, P4, P5, and P6 (Kazarlis et al. 1996).

Unit| P™ | p™ | g, a a ty | town | Sh SC | teoistar | Initial

MWH | MWH hour | hour hour | State
1 455 150 |1000| 16.19 | 0.00048 8 8 4500| 9000 5 8
2 455 150 | 970 | 17.26 | 0.00031 8 8 5000 | 10000 5 8
3 130 20 700 | 16.60 | 0.00200 5 5 550 | 1100 4 -5
4 130 20 680 | 16.50 | 0.00211 5 5 560 | 1120 4 -5
5 162 25 450 | 19.70 | 0.00398 6 6 900 [ 1800 4 -6
6 80 20 370 | 22.26 | 0.00712 3 3 170 340 2 -3
7 85 25 480 | 27.74 | 0.00079 3 3 260 520 2 -3
8 55 10 660 | 25.92 | 0.00413 1 1 30 60 0 -1
9 55 10 665 | 27.27 | 0.00222 1 1 30 60 0 -1
10 55 10 670 | 27.79 | 0.00173 1 1 30 60 0 -1

Table A6: Load for test problems P3, P4, P5, and P6 (Kazarlis et al. 1996).

Hour 0 1 2 3 4 5 6 7
Load MWH 700 | 750 | 850 | 950 {1000 | 1100 | 1150 | 1200
Reserve MWH | 70 75 85 95 | 100 | 110 | 115 | 120

Hour 8 9 |10 | 11 | 12 | 13 | 14 | 15
Load MWH | 1300 | 1400 [ 1450 | 1500 | 1400 | 1300 | 1200 | 1050
Reserve MWH | 130 | 140 | 145 | 150 | 140 | 130 | 120 | 105

Hour 16 | 17 | 18 | 19 | 20 | 21 | 22 | 23
Load MWH | 1000 | 1100 | 1200 | 1400 | 1300 | 1100 | 900 | 800
Reserve MWH | 100 | 110 | 120 | 140 | 130 | 110 | 90 80




APPENDIX B

Table B1: System data for random test problem.

Unit | P™ pmin 2o a a ty | town | Sh Se | teolgsart | Initial
MWH | MWH hour | hour $ $ hour State

1 382 47 689 | 19.84 | 0.00621 |5 6 4500 | 8555 |5 6
2 155 38 920 | 23.66 | 0.00476 | 4 4 4267 | 7202 | 2 -5
3 304 95 782 | 21.36 | 0.00316 |1 2 3768 | 6923 |5 2
4 477 97 520 | 22.50 | 0.00260 | 6 8 2886 | 7304 | 3 7
5 143 33 393 | 24.39 | 0.00550 |7 2 4521 | 8634 |1 8
6 301 134 788 | 20.86 | 0.00343 |5 1 3009 | 5830 |4 6
7 417 35 882 | 15.88 | 0.00584 |1 5 3220 | 4340 |2 2
8 458 66 690 | 17.13 | 0.00345 | 4 3 3999 | 5662 |1 -4
9 393 135 702 | 16.03 | 0.00282 | 2 6 2915 | 7468 | O -3
10 499 137 812 | 20.31 | 0.00459 | 4 1 3375 | 5530 |4 4
11 244 51 561 | 23.42 | 0.00317 |5 3 1291 | 5002 |2 -4
12 218 97 432 | 20.97 | 0.00358 | 8 3 3653 | 6265 |2 9
13 490 136 777 | 21.73 | 0.00694 | 6 5 4244 | 8031 | 2 1
14 228 23 948 19.65 | 0.00581 |7 5 1401 | 4014 | 3 -6
15 274 87 706 | 20.88 | 0.00131 | 8 5 815 3367 |3 9
16 109 108 638 | 17.00 | 0.00406 | 3 1 3732 | 5075 |1 4
17 157 54 784 | 23.47 | 0.00346 | 4 7 3665 | 4036 |2 5
18 437 111 535 | 20.72 | 0.00327 | 8 1 2575 | 6337 |5 -2
19 473 140 605 | 23.26 | 0.00612 | 2 4 50 1352 | 2 -5
20 256 121 405 | 25.27 | 0.00098 | 7 1 1587 | 4281 | 2 -2
21 240 38 599 | 23.52 | 0.00569 | 2 2 1616 | 4411 | 2 3
22 470 95 560 | 26.44 | 0.00186 | 6 6 336 3075 |1 -7
23 351 58 407 | 20.19 | 0.00424 | 6 3 379 1158 | 4 -4
24 388 12 899 | 26.33 | 0.00694 | 6 6 4297 | 5667 | 2 7
25 345 99 915 | 16.53 | 0.00310 | 2 3 4615 | 5423 |1 -4
26 271 136 470 | 26.30 | 0.00331 |5 7 3667 | 7946 | 4 6
27 225 130 779 17.14 | 0.00438 | 8 2 2384 | 7235 1 -3
28 256 29 936 | 16.78 | 0.00102 | 2 4 2753 | 6944 |1 -5
29 417 63 623 | 23.18 | 0.00694 |7 3 1648 | 2363 | 4 8
30 213 60 451 | 16.53 | 0.00684 | 4 7 4607 | 6409 |0 -8
31 386 13 835 | 21.32 | 0.00657 | 2 7 3072 | 7289 |2 3
32 217 98 424 17.39 | 0.00634 | 3 1 603 1894 | 0 4
33 322 64 610 | 22.32 | 0.00166 | 4 2 3503 | 3619 |2 -3
34 236 135 408 | 20.00 | 0.00313 |7 6 1473 | 4901 | 3 8
35 370 131 452 |1 20.28 | 0.00471 | 6 4 37 4946 1 -5
36 260 108 371 | 2450 | 0.00524 |5 2 3883 | 8413 |3 -3
37 422 23 519 18.21 | 0.00508 | 4 3 4354 | 7119 | 2 2
38 330 97 936 | 15.67 | 0.00191 | 4 3 1811 | 3318 |5 5
39 48 29 720 | 21.40 | 0.00515 | 6 3 2067 | 4705 |5 2
40 381 132 907 | 16.60 | 0.00212 |5 4 1917 | 4468 | 3 6
41 486 137 518 18.75 | 0.00331 |5 1 1231 | 2535 |2 6
42 214 53 483 | 20.31 | 0.00162 | 8 6 3298 | 3418 |1 9
43 396 78 976 | 21.74 | 0.00419 | 4 5 4524 | 7826 | 2 5
44 93 31 428 | 23.85 | 0.00451 | 6 5 977 1979 | 4 -6
45 217 155 845 | 15.69 | 0.00325 |7 7 669 3083 |1 8
46 179 125 799 | 25.25 | 0.00602 | 8 7 4349 | 5062 | 4 -8
a7 470 74 755 15.32 0.00443 | 2 6 1569 2277 1 -7
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48 322 90 977 | 1550 | 0.00466 |7 4 1922 5392 |5 8
49 369 12 695 | 22.67 | 0.00285 |6 5 2691 | 4567 | 4 -6
50 451 108 575 | 2216 | 0.00404 | 6 6 3419 | 5135 [4 7
51 266 114 531 | 18.86 | 0.00157 |7 4 392 5120 | 4 -2
52 304 53 484 | 27.48 | 0.00321 |7 5 3411 | 7616 |1 2
53 165 135 905 | 22.81 | 0.00152 | 8 3 4279 18558 |1 9
54 471 78 784 |19.14 |0.00473 |2 2 3733 | 7912 [ 4 -3
55 211 133 498 | 23.28 | 0.00447 | 2 7 2195 | 5927 |2 3
56 458 91 433 | 15.17 | 0.00320 | 4 6 2580 | 6702 |2 -7
57 227 67 734 | 26.18 | 0.00602 | 6 7 685 3471 | 4 -8
58 179 98 894 | 17.40 | 0.00277 |7 2 2206 | 2533 |3 6
59 432 125 674 |18.17 | 0.00362 | 6 3 3698 | 6956 [0 7
60 418 62 549 | 1751 |0.00231 |3 1 3639 | 6446 |5 -1
61 349 12 661 | 16.29 | 0.00159 |2 2 1242 | 3405 |3 3
62 266 37 719 |18.82 |0.00275 |4 3 1806 | 2442 |1 5
63 466 153 413 | 2439 | 0.00461 |7 4 1886 | 3815 |5 -5
64 413 18 450 | 25.49 | 0.00065 | 4 5 2284 | 6256 | 3 -6
65 467 70 949 |17.00 | 0.00212 |7 8 3320 | 7581 |1 8
66 132 55 475 1531 | 0.00085 |7 3 895 5484 |1 -4
67 231 50 703 | 2548 |0.00343 |4 4 412 4594 |1 4
68 231 131 467 | 21.90 | 0.00164 |2 3 3407 | 3837 |2 3
69 319 90 765 | 27.58 |0.00304 |5 7 289 5083 |1 -8
70 249 122 646 | 17.21 | 0.00159 |3 7 4368 | 6089 [0 -8
71 280 26 471 1759 |0.00437 |5 1 1248 | 2315 |3 6
72 321 79 390 | 15.73 | 0.00179 | 4 2 1933 | 6059 | 2 -3
73 332 56 520 | 26.38 | 0.00618 | 2 1 4138 | 7278 |4 3
74 176 120 489 | 26.80 | 0.00496 | 2 6 2601 | 3902 |4 -7
75 414 147 810 | 22.17 | 0.00620 | 3 4 2331 | 6087 | 4 -5
76 430 113 446 |19.85 | 0.00388 | 6 8 1584 | 2808 |5 3
77 427 109 500 | 21.28 | 0.00684 | 4 1 1051 | 5194 |1 5
78 263 97 732 | 25,53 | 0.00096 |8 2 2973 | 4790 |5 -2
79 257 33 909 | 24.76 | 0.00369 |7 5 4598 6042 |3 -6
80 124 50 973 | 25.32 | 0.00663 | 4 3 2370 | 3179 |5 -4
81 465 94 545 | 2354 | 0.00071 | 4 1 1083 1835 |0 5
82 277 125 373 | 21.63 | 0.00254 | 8 8 2198 | 6011 |2 9
83 384 136 623 | 17.82 | 0.00692 | 6 5 975 3907 |1 -6
84 301 92 468 | 24.55 | 0.00262 | 6 2 352 1213 | 2 2
85 325 31 876 | 2257 | 0.00319 |5 2 1545 2325 | 4 6
86 317 107 762 |18.88 | 0.00228 |3 4 4161 | 7442 |4 4
87 151 53 552 | 2421 | 0.00288 |7 2 1607 | 2870 |5 -3
88 354 146 455 | 24.86 | 0.00417 |5 5 1164 | 3126 |3 -6
89 494 155 735 | 24.26 | 0.00065 |7 4 1867 | 3011 |3 8
90 158 48 650 | 26.02 | 0.00516 |6 1 4977 18535 |1 7
91 257 82 686 | 23.00 | 0.00259 |2 4 3212 14399 |4 3
92 178 130 918 | 26.98 | 0.00586 | 4 3 2131 | 5694 |2 5
93 493 131 517 | 20.60 | 0.00379 | 6 5 2745 6245 |1 7
94 132 107 701 | 2451 |[0.00164 |2 7 2469 | 5422 |5 3
95 451 74 580 | 2751 | 0.00559 |1 4 3969 | 4991 |4 2
96 492 143 946 | 25.90 | 0.00382 | 2 4 718 1479 |1 3
97 292 18 818 | 23.33 | 0.00578 | 7 6 2627 | 6847 | O -7
98 171 90 692 | 1586 | 0.00159 |6 3 1980 | 5238 |3 -4
99 60 58 614 | 25.99 [0.00299 |7 2 725 4210 |2 -3
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| 100 | 328

| 66

| 975 | 1539 [0.00172 |5

| 2

| 2836 | 4906 |2

Table B2:

Load data for random test problem.

Hour | Load Reserve
MWH MWH
0 6712 671
1 8138 814
2 8892 889
3 9891 989
4 10547 1055
5 11895 | 1189
6 10959 | 1096
7 11480 1148
8 12856 | 1286
9 14235 1424
10 14106 1411
11 14922 1492
12 14815 1482
13 12077 | 1208
14 12397 1240
15 10355 | 1035
16 10277 | 1028
17 10819 | 1082
18 11135 1114
19 13322 | 1332
20 12325 | 1233
21 10984 | 1098
22 9546 955
23 8764 876
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