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Abstract: Solving unit commitment problem (UCP) is a complex optimization process. The exact
solution of the UCP is achieved through a complete enumeration of all possible combinations of
generating units, which could be a great number. Generally behavior of Unit commitment is
formulated as optimization problems which are nonlinear, mixed-integer combinations and studied in
large-scale. The aim is to minimize the total operating cost through a generation scheduling , While
relating to a variety of constraints. This means that it is desirable to find the optimal generating unit
commitment in the power system for the next hours. A new approach via an improved version of
Shuffled Frog Leaping Algorithm (ISFLA) is introduced for solving optimal unit commitment (UC)
problem. We have applied ISFLA to a ten-unit test system and its multiples. To compare obtained
results with those of many other UC methods ,it’s clear that not only the ISFLA procedure satisfy
constraints very well, it also has some advantages over the others , Such as a good convergence, fast
calculating speed and high accuracy.

Key words: Improved Shuffled Frog Leaping Algorithm (ISFLA), Power System, Unit Commitment,
System Constraints.

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.
Several solution techniques have been applied to this  problem, either by using deterministic, meta heuristic,
and hybrid approaches. Deterministic approaches include priority list (PL) (A.J. Wood & B.F. Wollenberg,
1976), dynamic programming (DP) (C.K. Pang & H.C. Chen, 1976), Lagrangian Relaxation (LR) (S.J. Wang,
et al. 1995), integer mixed-integer programming (J.A. Muckstadt & R.C. Wilson, 1968), and the branch-and-
bound methods The priority list is the simplest and fastest but achieves poor final solution (J.A. Muckstadt
& R.C. Wilson, 1983). Meta-heuristic approach, such as genetic algorithm (GA) (S.A. Kazarlis, et al. 1996),
(H. Ma, A.A, et al. 1994),  (Damousis, I., et al. 2004), evolutionary programming (EP) (K.A. Juste, et al.
1999),  simulated annealing (SA) (F. Zhuang & F.D. Galiana, 1990), tabu search (TS) (A.H. Mantawy, et al.
1999), particle swarm optimization (PSO) (Lee, T., & Chen, C., 2007), (Ting, T., et al. 2003), greedy random
adaptive search procedure (GRASP) (Viana, A., et al. 2003) are also being widely investigated to solve the
UC problem. These meta-heuristic methods optimization methods attract much attention, because of their ability
to search not only local optimal solution but also global optimal solution and can easily deal with various
difficult nonlinear constraints. However, these meta-heuristic methods require a considerable amount of
computational time to find the near-global minimum especially for a large-scale UCP.
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Shuffled frog leaping algorithm (SFLA) is a memetic meta-heuristic that is based on evolution of memes
carried by interactive individuals and a global exchange of information among the frog population. It combines
the advantages of the genetic-based memetic algorithm (MA) and the social behavior-based PSO algorithm with
such characteristics as simple concept, fewer parameters adjustment, prompt formation, great capability in
global search and easy implementation.

While proposed primarily for solving the multiobjective engineering problems such as water resource
distribution (Eusuff, M.M., and Lansey, K.E., 2003), bridge deck repairs (Hatem Elbehairy, et al. 2006) and
job-shop scheduling arrangement (Alireza Rahimi-Vahed,&Ali Hossein Mirzaei, 2007). The ISFLA is applied
to the widely used ten-unit test system and its multiples. Comparing our results with those of many UC solving
methods presented in relevant publications reveals that the SFLA method is a more effective technique among
the various methods from both the operation cost and execution time aspects.

This paper is organized as follows. Section 2 provides the mathematical formulation of the UCP. Section
3 introduces the basics of SFLA. Section 4 proposes an Improved SFLA (ISFLA) method for solving UCP.
Section 5 gives the numerical example. Section 6 outlines the conclusions

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

    On/Off status of unit i at time-step titU

    Generation output of unit i at time-step titP

    Running cost of the unit i at time-step t( )i itF P

     ,      ,     Running cost coefficients of unit iia ib ic

    Start-up cost of unit iiS

       ,        ,     Start-up cost coefficients of unit i0iS 1iS i
     System load demand at time-step tDtP

λ Equal loss incremental rate

Spinning reserveRtP

     Unit i maximum generation output limitmaxiP

      Unit i minimum generation output limitminiP

     Start up and down times limitationiM

       Minimum up time of unit ithiTO

Minimum down time of unit ithiTS

       Duration during which unit is continuously oniTO

      Duration during which unit is continuously offiTS
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UC Problem Formulation:
2.1. Objective Function:

It’s assumed that the schedule periods are within 24 hours and are divided into 24 time-steps. Total cost
Is the sum of running and start up cost for all units over the whole scheduling periods. Overall objective

function of the UC problem is:

   (1)
24

1
1 1

( , ) [ ( ) (1 ) ]
G

it it it it it it it i
t i

MinF U P U F P U U S
 

  

Generally, running cost, per unit within time interval is a function of the generator power output. Cost
function is usually as follows :

   (2)2( )i it i it i it iF P a P b P c  

Start up cost of the generator relies on the time the unit has been off prior to the start up. And its
represented as follows:

   (3)0 1 (1 )i

T

i i iS S S e 


  

Shut down cost is given as each unit’s constant value. The shut down cost is considered 0 for each unit.

2.2. System Constraints:
Many constraints are to be satisfied in a unit commitment problem. Power system individually, power pool,

reliability council and so on. may be imposed different rules on the scheduling the units, depending on the
generation makeup, load-curve characteristics and ... . Spinning reserve describes total amount of generation
available from all units synchronized in a system, regardless of present supplied load and losses being incurred
in a system. Spinning reserve must be carried out in such a way that one or more units’ loss doesn’t cause
too far a drop in the system frequency. Spinning reserve must obey certain rules which state that reserve must
be capable of making loss of most heavily loaded unit up 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

   (4)
1

, 1,2,3,...
G

it it Dt
i

U P P t


 

     is calculated by the running units at time-step t according to equal loss incremental rate principle and met:itP
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2. Spinning Reserve
If spinning reserve is be more than 7% of the total load at each time interval, it must satisty:

   (6)max
1

1.07 , 1,2,3,...24
G

it i Dt
i

U P P t


 

3. Unit Generation Output Limitation 

                        (7)min maxi i iP P P  1,2,...,24, 1,2,...,t i G 

4. Start Uage tu zabap- and Down Times Limitation
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5. Minimum Up and Down-Time Constraints

   (9)i iTO TO

 (10)i iTS TS

III. Review of SFLA and MSFLA:
III.1.  Shuffled Frog Leaping  Algorithm:

Shuffled Frog Leaping Algorithm (SFLA) is a heuristic search algorithm presented for the first time by
Eusuff and Lansey in 2003. The main purpose of this algorithm was achieving a method to solve complicated
optimization problems without any use of traditional mathematical optimization tools. In fact, the SFL
algorithm is combination of “meme-based genetic algorithm or Memetic Algorithm” and “Particle Swarm
Optimization (PSO)”. This algorithm has been inspired from memetic evolution of a group of frogs when
seeking for food. In this method, a solution to a given problem is presented in the form of a string, called
“frog” which has been considered as a control vector in this paper as follows in (11). The initial population
of frogs is partitioned into groups or subsets called “memeplexes” and the number of frogs in each subset is
equal.   The SFL algorithm is based on two search techniques: local search and global information exchange
techniques. Based on local search, the frogs in each subset improve their positions to have more foods (to
reach the best solution). In second technique, obtained information between subsets is compared to each other
(after each local search in subsets). The procedure of SFL algorithm will be as follows:
1) An initial population of “P” frogs (P solutions) created randomly which considered in this paper as

follows:  (11)

 (11)

1

( ) (2 )

.

.

tie
P p N

X

Population

X
 

 
 
 
 
 
 

 1 2 1 2[ , ,..., , , ,..., ]
tie tieN NX Tie Tie Tie Sw Sw Sw

2) The entire population is divided into m subsets (m memeplexes), each containing n frogs (i.e., P = m ×
n), in such a way that the first frog of sorted population goes to the first memeplex, the second frog goes
to the second memeplex, frog m goes to m memeplex, and frog m+1 goes to the first memeplex again,
etc. therefore, in each memeplex, there will be n frogs. 

3) This step is based on local search. Within each local memeplex, the frogs with the best and the worst
fitness are identified as and, respectively. Also, the frog with the global best fitness (the best solution) is
identified as. Then, the position of the worst frog is updated (based on frog leaping rule) as follows: 

 (12)

min max

( )

( ) ( )

( )

i b w

w w i

i

D rand X X

X new X old D

D D D

  
 

  

Where rand is a random number between  0 and 1;        is the  maximum  allowed change  in frog’smaxD

position. If this process produces a better solution              , new position of the worst frog), it replaces( ( ))wX new

the worst frog’s position             .( ( ))wX old
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Fig. 1: The original frog leaping rule.

Otherwise, the calculations in equations 1 and 2 are repeated with respect to the global best frog (i.e.
replaces). If no improvement becomes possible in this case, then a new solution is randomly generated to
replace the worst frog (Xw). Because of all arrays in X are integers, obtained solutions from equations 1 and
2 must be rounded after each iteration. 
4) Continue of previous step for a number of predefined iterations. 
5) After improvement in frog’s positions, new population is sorted in a descending order according to their

fitness.
6) If the convergence criteria are satisfied, stop. Otherwise, go to step 2 and repeat again. 

III.2. Modified Shuffled Frog Leaping Algorithm:
According to previous section, the worst frog in each memeplex improves its position toward the best

frog’s position or the global best position in the same memeplex. But according to equations 1 and 2 and Fig.
(1), the possible new position of the worst frog is restricted in the line segment between its current position
(Xw) and the best frog’s position (Xb), and the worst frog will never jump over the best one (see Fig. (2)). these
limitations not only slow down the convergence speed, but also cause premature convergence. Hence, the
equations 1 and 2 must be replaced by new equations as follows:

(13)
1 1,max 2 2,max ,max

( )
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tie tie

i b w
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D rand C X X W

W r w r w r w
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Fig. 2: The new frog leaping rule.

Where rand is a random number between 0 and 1; C is a constant in the range between 1 and 2; ri are
random numbers between -1 and 1; wi, max are the maximum allowed perception and action uncertainties in the
ith dimension of the search space; Dmax is the maximum allowed change in frog’s position. Because of all
arrays in X are integers, obtained solutions from equations 13 and 14 must be rounded after each iteration.
By applying equations 13-14, local search space in each memeplex increases. Therefore, the convergence speed
increases and convergence probability to achieve the best solution will increase. For applying MSFL algorithm
to a UCP problem, following steps must be taken:
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1) In this step, required parameters and information such as number of memeplexes, number of frogs and etc,
are defined and determined. 

2) The constrained objective function is converted to an unconstrained objective function according to:

 (15)
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Above formula is objective function of OPUC problem where Neq and Nueq are the number of equal and
unequal constraints, respectively. Also, gi (x) and hi (x) are equal and unequal constraints, respectively. k1 ,
k2 (k1 , k2 > 0) are penalty factors which must have a large value.

IV. Optimization Strategy by MSFLA:
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 (Fig.
3). 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.

 (16)
1

Cn

j j
j

MinF u R




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 (16) only includes spinning reserve, start
up and down times, minimum up- and down-time constraints. The power balance and unit generation output
limitation is considered in the load dispatch. The fitness function is:

 (17)

1

Cn

j j
j

K
TF

F u R





Constant K is proportional coefficient. The value of K and uj 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.

Fig. 3: The binary representation of unit commitment.

The proposed optimization problem can be summarized as:
Step 1) Initialize the parameters of the unit commitment problem.
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Step 2) Set the chromosomes as the 24-hours bits units. Create an initial population of k frogs generated
randomly.

Step 3) Sort the population increasingly and divide the frogs into p memplexes each holding q frogs such
that k = p × q.. The division is done with the first frog going to the first memplex, second one
going to the second memplex, the pth frog to the pth memplex and the p + lth frog back to the first
memplex.

Step 4) For each memplex, Regarding to the problem constraints, set the cost function which is to be
minimized (Equation (11)).

Step 4-1:Set p1 = 0 where p1 counts the number of memeplexes and will be compared with the total number
of memeplexes p. Set y1 = 0 where y1 = 0 counts the number of evolutionary steps and will be
compared with the maximum number of steps (ymax), to be completed with in each memeplex.

Step 4-2: Set p1 = p1 + 1.
Step 4-3:Set y1 = y1 + 1.
Step 4-4:For each memplex, the frogs with the best fitness and worst fitness are identified as Xw and Xb,

respectively. Also the frog with the global best fitness Xg is identified. Then the position of the worst
frog Xw for the memplex is adjusted as follows:

 (18)
max max

(.) ( )

( )
i b w

w w i i

B rand X X

new X old X B B B B

  

    

Where rand (.) is a random number between1 and 0 and Bmax is the maximum allowed change in the
frogs position. If the evolutions produce a better frog (solution), it replaces the older frog. Otherwise, Xb is
replaced by Xg in (18) and the process is repeated. If non improvement becomes possible in this case a random
frog is generated which replaces the old frog. 
Step 4-5: If P1 < P, return to step5-2. If y1 < y, return to step 5-3. Other wise go to step 4.
Step 5: Check the convergence. Stop in the case that convergence criteria is satisfied. Otherwise, consider

the new population as the initial population and return to the step4. The best solution found in the
search process is considered as the output results of the algorithm.

Step 6: Print out the optimal solution to the target problem. including position and optimal unit commitment
solution, and the corresponding fitness value represent the minimum Cost Function.

V. Numerical Results:
Fast Messy genetic algorithm program using visual C++ is presented in this paper. 10 generation unit

system and its multiples (10-100). is tested and the results are compared to other algorithms. Table 1 gives
the 24-h units outputs for the ten-unit case. Test results and Comparison with is shown in Table 2 and Table
3, respectively. Obtained results represents a better and optimized global optimal solution to the problem and
verifies the correctness of the proposed algorithm.

Table 1: Optimal Unit Commitment Result.
Unit On/Off Statue of Per Time-Step
Number  ---------------------------------------------------------------------------------------------------------------------------------------------------------------

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
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
2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
3 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0
4 0 0 1 1 1 1 1 0 0 0 0 0 0 0 1 1 1 1 1 1 1 0 0 0
5 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 1 1 1 1 0 0
6 0 0 0 0 0 0 0 1 1 1 1 1 1 1 0 0 0 0 0 1 1 1 0 0
7 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 0 0 0 0 1 1 0 0 0
8 0 0 0 0 0 0 0 0 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0
9 0 0 0 0 0 0 0 0 1 1 1 0 0 1 0 0 0 1 0 0 0 0 0 0
10 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0

Table 2: Total costs of the FMGA method for test systems.
No. of units Best cost ($) Average cost ($) Worst cost ($)
10 563,983 564,489 565,646
20 1,122,766 1,125,109 1,125,390
40 2,242,153 2,248,267 2,248,693
60 3,363,430 3,370,828 3,371,329
80 4,485,583 4,486,233 4,487,569
100 5,605,009 5,606,992 5,608,069
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Table 3: Total Cost Comparison of Several Methods.
NO. of Units SPL EP LR GA PSO MA
10 564,950 565,352 566,869 565,825 574,153 565,827
20 1,123,938 1,127,256 1,128,362 1,126,243 1,125,983 1,128,192
40 2,248,645 2,252,612 2,250,223 2,251,911 2,250,012 2,249,589
60 3,371,178 3,376,255 3,374,994 3,376,625 3,374,174 3,370,820
80 4,492,909 4,505,536 4,496,729 4,504,933 4,501,538 4,494,214
100 5,615,530 5,633,800 5,620,305 5,627,437 5,625,376 5,616,314
NO.of Units DP LRGA MILP ALR ACSA SFLA
in this paper
10 565,825 564,800 - 565,508 564,049 563,983
20 - 1,122,622 - 1,126,720 - 1,122,766
40 - 2,242,178 - 2,249,790 - 2,242,153
60 - 3,371,079 - 3,371,188 - 3,363,430
80 - 4,501,844 - 4,494,487 - 4,485,583
100 - 5,613,127 5,605,189 5,615,893 - 5,605,009

VI. Conclusion:
SFLA is efficiently implemented to solve the UC problem. SFLA total production costs over the scheduled

time horizon are less expensive than other methods on the large number of generating units. The proposed
algorithm consider various constraints successfully and the genetic operations are improved based on the power
system characteristic. The test results represent the SFLA effects on searching global or near global optimal
solution in the UC problem. Also the results demonstrate a better convergence and they are highly improved.
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