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Abstract- This paper presents a new approach via 
improved version of genetic algorithm to solve optimal 
unit commitment (UC) problem. Fast Messy Genetic 
Algorithm (FMGA) is applied to the calculation of 
optimal unit commitment problem. The test results 
demonstrate that not only the FMGA procedure consider 
is the constraints very well, but also has some advantages, 
such as good convergence, fast calculating speed and high 
precision. A ten unit power system was used as a 
numerical example to test the new algorithm. The optimal 
scheduling of on line generation units could be reached in 
the testing results while satisfying the constraints of the 
objective function. Numerical results indicate that the 
performance of the FMGA algorithm outperforms the 
other algorithms and achieves minimum generation cost.    
 
Keywords: Fast Messy Genetic Algorithm, Power 
System, Unit Commitment, System Constraints. 
 

I. INTRODUCTION 
The objective of the economic scheduling of 

generators is to guarantee the optimum combination of 
generators connected to the system to provide the load 
demand. The economic dispatch problem involves two 
separate steps namely unit commitment and on-line 
economic load dispatch. The unit commitment involves 
the selection of units that will supply the anticipated load 
of the system at minimum cost over a required period of 
time as well as providing a specified margin of the 
operating reserve, known as the spinning reserve.  

The on-line economic dispatch distributes the load 
among those operating units that are paralleled with the 
system in such a manner so as to minimize the total cost 
of supplying the minute to minute requirements of the 
system. It is quite expensive to run too many generating 
units. A great deal of money can be saved by turning 
units off (decommiting them) when they are not needed. 
The generic UC can be formulated as to minimize the 
operational cost subject to minimum up-time and down-
time constraints, crew constraints, ramp constraints, unit 
capability limits, duration of units, unit status, generation 
constraints and reserve constraints [1].  

The exact solution of the UC can be obtained by 
complete enumeration, namely, dynamic or integer 
programming. The drawbacks of these methods are the 
enormous computational time which increases 
exponentially with the number of units, and the large 
memory requirement. Modifying the above-mentioned 
conventional techniques has helped in improving the 
accuracy of the solution with respect to the well-timed 
decision-making [2].  

The UC algorithms can be applied to large-scale 
power systems and have reasonable storage and 
computation time requirements. A survey of literature on 
UC methods reveals that various numerical optimization 
techniques have been employed to address the UC 
problems. Specifically, there are priority list methods [3, 
4], integer programming [5, 6], dynamic programming [7, 
8], mixed-integer programming [9], branch-and-bound 
methods [10], and Lagrangian relaxation methods [11, 
12]. Among these methods, the priority list method is 
simple and fast, but the quality of the final solution is not 
guaranteed.  

Dynamic programming methods, which are based on 
priority lists, are flexible but are computationally 
expensive. Branch-and-bound adopts a linear function to 
represent the fuel consumption and time-dependent start 
cost and obtains the required lower and upper bounds. 
The disadvantage of the branch-and-bound method is the 
exponential growth in the execution time with the size of 
the UC problem. The integer and mixed-integer methods 
adopt linear programming technique to solve and check 
for an integer solution. These methods have only been 
applied to small UC problems and have required major 
assumptions that limit the solution space. The Lagrangian 
relaxation method provides a fast solution, but it may 
suffer from numerical convergence and solution quality 
problems. Aside from the above methods, there is another 
class of numerical techniques applied to the UC problem. 
Specifically, they are artificial neural networks [13, 14], 
Simulated Annealing (SA) [15], and Genetic Algorithms 
(GAs) [16]. These methods can accommodate more 
complicated constraints and are claimed to have better 
solution quality.  
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The SA is a powerful, general purpose stochastic 
optimization technique, which can theoretically converge 
asymptotically to a global optimum solution with 
probability 1. One main drawback, however, of SA is that 
it takes a large CPU time to find the near-global 
minimum. GAs are a general-purpose stochastic and 
parallel search methods based on the mechanics of 
natural selection and natural genetics. It is a search 
method and has the potential of obtaining a near-global 
minimum. 

This paper describes the application of the fast messy 
genetic algorithm for the solution of the unit commitment 
problem. Solution methodology of the UC is described as 
gradual consideration constraints and objectives in the 
total problem formulation. 
 

II. UC PROBLEM FORMULATION 
A. Objective Function 

In this paper it is assumed that the schedule periods 
are 24 hours and divide into 24 time-steps. The total cost 
is the sum of the running cost and start up cost for all 
units over the whole scheduling periods. Accordingly, 
overall objective function of the UC problem is:  

24
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Generally, the running cost, per unit in any given time 
interval is a function of the generator power output. The 
cost function is usually in the form of: 

2( )i it i it i it iF P a P b P c= + +   (2) 
The generator start up cost depends on the time the 

unit has been off prior to the start up. Time-dependent 
start up cost is represented as follows: 

0 1 (1 )i
T

i i iS S S e τ
−

= + −      (3) 
The shut down cost is usually given a constant value for 
each unit. The shut down cost has been taken equal to 0 
for each unit. 
 
B. System Constraints 

Many constraints can be applied on the unit 
commitment problem. Each individual power system, 
power pool, reliability council, …, may impose different 
rules on the scheduling of the units, depending on the 
generation makeup, load-curve characteristics. Spinning 
reserve describes the total amount of generation available 
from all units synchronized on the system, minus the 
present load supplied and losses being incurred. Spinning 
reserve must be carried out in such a way that the loss of 
one or more units does not cause too far a drop in the 
system frequency. Spinning reserve must obey certain 
rules which will specify that reserve must be capable of 
making up the loss of most heavily loaded unit in a given 
period of time. Reserve requirement also calculated as a 
function of the probability of not having sufficient 
generation to meet the load, by making people. 
1. Power balance constraint 

1
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itP  is calculated by the running units at time-step t 
according to equal loss incremental rate principle and 
met: 
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2. Spinning Reserve 

If spinning reserve needs to be more than 7% of the 
total load at each time interval, it must met: 

max
1
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3. Unit Generation Output Limitation  
min maxi i iP P P≤ ≤   1,2,..., 24,    1,2,...,t i G= =  (7) 

4. Start Up- and Down Times Limitation 
24
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5. Minimum Up and Down-Time Constraints 
i iTO TO≥  (9) 

i iTS TS≥  (10) 
 

III. REVIEW OF MGA AND FMGA 
A. Messy Genetic Algorithm 

Messy Genetic Algorithm differ from normal genetic 
algorithms in that they allow variable-length strings that 
may be underspecified or over-specified with respect to 
the problem being solved. For matching geometric 
models, this means they can operate over partial matches 
and so piece together larger and better matches. A Messy 
GA typically has three phases: 
1. Initialization; 
2. Primordial phase; 
3. Juxtapositional phase. 

In the initialization phase some procedure is used to 
enumerate a set of partial chromosomes. Next, in the 
primoridial phase, these partial chromosomes are 
evaluated using a fitness function and some subset of 
these found to be most fit are used to form the initial 
population. Finally, the juxtapositional phase is 
analogous to the normal cycle of selection and 
recombination used in a traditional GA. For initialization, 
our Messy GA uses the same set of spatially proximate 
triples F defined above for the Key-Feature Algorithm. 
This customized initialization phase creates 2n triples to 
seed the initial population. By the match error rematch 
and some fraction of the best form the initial population. 
In the experiments presented here, all the 2n triples are 
used. During juxtaposition, selection is used together 
with two operators: cut and splice. Cut ‘cuts’ the 
chromosome at random position. Splice ‘attaches’ two 
cut chromosomes together. These two operators are the 
equivalents of crossover in a traditional GA. In our 
matching problem, a chromosome h is a variable length 
set of pairs h, c, S, representing a match between model 
and data segments. Both the cut and splice operators pick 
the positions in the set representations where cutting and 
splicing take place with uniform probability.  
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Hence, for example, if a set h contains 6 pairs of 
model and data segments, then cut will select one of the 
five possible break points with equal probability. To 
select parents, the Messy GA uses a variant of the Genitor 
algorithm which uses fitness ranking to bias selection and 
a monotonic replacement strategy. Selection based upon 
rank means that two parents are selected for 
recombination based upon their ranking in the population 
rather than upon the absolute difference in fitness 
between themselves and the others in the population. To 
make this process more efficient, the population is always 
maintained in sorted order from lowest to highest Ematch. 
The current parameterization of the algorithm makes the 
most fit individual twice as likely to be selected as a 
parent as compared to the least fit individual. 

Monotonic selection means that each time two parents 
are selected and used to create a child, that child is 
inserted back into the original ranked ordered population 
based upon its newly computed Ematch. Afterward, the 
least fit individual is removed from the population. This 
means that if a child is inferior to all other individuals in 
the population, then that child is effectively discarded. 
This also means that the overall quality of the population 
will increase monotonically, since a worse individual can 
never displace one which is more fit.  

To help drive the Messy Genetic Algorithm to a 
solution, every three generations the least fit individual in 
the population is dropped and the population size 
correspondingly shrinks by one. Every f=p/2 generations, 
an individual is selected from the population and local 
search is run using the selected match as an initial state. If 
the result is better than the worst currently in the 
population, then it is inserted back into the population. 
This periodic use of local search as part of the genetic 
search is of great practical benefit, and is consistent with 
other results suggesting hybridized algorithms of this 
type often out perform pure Genetic or Local Search. 
Like Random Starts Local Search, the Messy Genetic 
Algorithm is a non-deterministic search algorithm. 
Consequently, the same technique of running multiple 
independent trials in order to increase the probability of 
seeing the best match applies. Further, the probability 
ˆ sp that the Messy Genetic Algorithm will succeed on any 

given trial can again be estimated [17]. 
 

B. Fast Messy Genetic Algorithm 
On/Off statue can be easily represented by binary 

coding: 1 is on statue and 0 is off statue. If the scheduling 
period is divided into 24 time-steps and there are total G 
units. Then each unit has 24 bits (Figure1). i.e. 2nd bit of 
unit 1 represents the on/off statue of unit 1 at 2nd time-
step. One binary coding individual can be combined 
according to the order of units and each individual has 
total G×24 bits. Per bit of each individual in one 
population is produced randomly. 

This paper transforms the original constrained UC 
problem into unconstrained one by using penalty 
function. 

1
min 

Cn

j j
j

F u R
=

+∑  (11) 

where, F is original objective function; nc is the number 
of violation constraints; Rj and uj are the violation value 
and penalty coefficient of jth constraint , respectively. 
Equation (11) only includes spinning reserve, start up and 
down times, minimum up- and down-time constraints.  
 

 
 

Figure 1. The binary representation of unit commitment 
 

The power balance and unit generation output 
limitation 
is considered in the load dispatch. The fitness function is: 

1

Cn

j j
j

KTF
F u R

=

=

+∑
 (12) 

Constant K is proportional coefficient. The value of K 
and ju  should be selected according to the specific 
problem. The values should let the fitness value of 
feasible solution be around 1 to prevent computer treating 
too large or small value. The FMGA is a special clone of 
common simple genetic algorithm. This type represents 
new, more powerful kind in the GA branch. It resists 
premature local-minimum fall and solves problems in 
shorter time.  

As the initial various individual is produced randomly 
and hence exist many infeasible solutions that do not 
satisfy the constraints. Some papers let the fitness value 
of these infeasible solutions be zeros. This will often 
result in a few feasible individual fitness values much 
higher then others, the search range decrease and 
premature convergence.  

A gene is represented by a pair (allele locus, allele 
value) in messy algorithms, so that for instance 
chromosome (2,0), (0,1), (1,1) represents 3 bit-long 
chromosome 110 .Operation cut and splice are used to 
bread new offspring. Incomplete specification of the 
chromosome or redundant specification could occur 
during evolution. For example, ((0,0), (2,1), (1,0), (2,0)) 
represents chromosome 001. We must complete the 
chromosome in order to be able to evaluate its fitness 
function (FF). Hence a template is used as Figure 2. 
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Figure 2.  Representation of a solution chromosome 
 

Table 1. Optimal unit commitment result 
 

Unit 
Number On/Off Statue of Per Time-Step 

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 
2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
4 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
5 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 
6 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 
7 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
8 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
9 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
10 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 

 
Figure 3. Unit generation output power curves 

 
IV. OPTIMIZATION BY FAST MESSY GENETIC 

ALGORITHM 
The proposed optimization problem can be 

summarized as: 
Step 1) Initialize the parameters of the unit commitment 
problem. 
Step 2) Set the chromosomes as the 24-hours bits units. 
Step 3) Input the number of units. 
Step 4) Regarding to the problem constraints, set the cost 
function which is to be minimized (Equation (1)). 
Step 5) Initialize the messy Genetic Algorithm and 
determine an appropriate template. 
Step 6) Enter the primordial phase of MGA: 
a) Produce the initial population. 
Step 7) Enter the juxtapositional phase: 

b) Apply the operations; 
c) Evaluate the chromosomes. 
Step 8) Output the statistics. 
 

V. SIMULATION RESULTS 
This paper developed the Fast Messy genetic 

algorithm program using MATLAB. The 10 generation 
units system [24] is tested to verify the correctness, and 
the results are compared with other algorithms. 

Tables 1 and 2, and Figure 3 show the simulation 
results of the proposed method. Comparing with other 
method results, the obtained result in this paper represents 
a nearer global optimal solution to the problem and 
verifies the correctness of the proposed algorithm. 
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Table 2. Comparison results of various algorithms 
 

Algorithms Total Cost 
LR [18] 80766.0 

Hopfield-SA [19] 79114.6 
Evolutionary Method [20] 79043 

AC-PSO[21] 79010.1 
HPSO [22] 81118.3 

GA[23] 78988.8 
GA [24] 79807.0 

FMGA 77069.8 

 
VI. CONCLUSIONS 

In this paper, the proposed FMGA is efficiently and 
effectively implemented to solve the UC problem. FMGA 
total production costs over the scheduled time horizon are 
less expensive than conventional LR, GA, and AC-PSO, 
especially on the large number of generating units. The 
proposed algorithm considered various constraints 
successfully and the genetic operations are improved 
based on the characteristic of power system. The test 
results demonstrate the effectiveness of the FMGA in 
searching global or near global optimal solution to the 
UC problem. Also the results show a better convergence 
and higher precision. 
 

NOMENCLATURES 
i : Index of units 
t : Index of time-steps 
G : Number of generating units 

itU : On/Off status of unit i at time-step t 

itP : Generation output of unit i at time-step t 
)( iti PF : Running cost of the unit i at time-step t 

iii cba ,, : Running cost coefficients of unit i 

iS : Start-up cost of unit i 

0 1, ,i i iS S τ : Start-up cost coefficients of unit i 

DtP : System load demand at time-step t 
λ : Equal loss incremental rate 

RtP : Spinning reserve 

maxiP : Unit i maximum generation output limit 

miniP : Unit i minimum generation output limit 

iM : Start up and down times limitation 

iTO : Minimum up time of unit ith 

iTS : Minimum down time of unit ith 

iTO : Duration during which unit is continuously on 

iTS : Duration during which unit is continuously off 
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