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Abstract: Given the increasing public awareness of environmental impacts, governments have made regulation on pollutants 

more stringent. Therefore, the Unit Commitment Problem (UCP), which traditionally minimizes the total production costs, 

needs to consider the pollutants emissions as another objective. This way, the UCP becomes a multi- objective problem with two 

competing objectives. The approach proposed to address this problem combines a Biased Random Key Genetic Algorithm 

(BRKGA) with a non-dominated sorting procedure. The BRKGA encodes solutions by using random keys, which are 

represented as vectors of real numbers in the unit interval. The non-dominated sorting procedure is then employed to 

approximate the set of Pareto solutions through an evolutionary optimization process. Computational experiments have been 

carried out on benchmark systems with 10 up to 100 generation  units for a 24 hours scheduling horizon. The results obtained 

show the effectiveness and efficiency of the proposed BRKGA to find good solutions to the UCP. The diversity and well-

distribution characteristics of the non-dominated solutions obtained are demonstrated. Furthermore, from the comparison with 

alternative multiobjective methods it is shown that the method proposed obtains better results in most cases. 
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1 INTRODUCTION 

During the last few decades the rapid growth in the use 

of fossil fuels has led to the emission of a large amount 

of atmospheric pollutants that are continuously released 

into the environment. The increased public awareness 

regarding the harmful effects of atmospheric pollutants 

on the environment, as well as the tightening of environ- 

mental regulations have forced power utilities to search 

for different operational strategies. These new strategies 

must lead to a reduction in pollution and environmental 

emissions. Thus, power utilities look for solutions that in 

addition to be cost effective must also be pollution con- 

cerned. The power system generation scheduling is com- 

posed of two tasks [19, 22]: On the one hand, one must 

determine the scheduling of the turn-on and turn-off of 

the thermal generating units; on the other hand, one must 

also determine the amount of power that should be pro- 

duced by each on-line unit (the latter is also known as 

economic dispatch) for a specific time horizon. In the 

Unit Commitment Problem (UCP), such decisions are 
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made simultaneously and in order to minimize the total 

operating costs. Here, however, and due to the afore- 

mentioned environmental concerns, one also wants to 

minimize the pollutant emissions originated by such pro- 

duction. The Combined economic-environmental UCP, 

addressed here, considers both optimization problems si- 

multaneously, and optimizes both the cost and the pollu- 

tant emissions, resulting in what is known as a multiob- 

jective optimization problem. 
 

Several methods have been reported in the litera- ture 

over the years to address Environmental/Economic 

Dispatch (EDD) problem, but not so much to the en- 

vironmental/economic unit commitment (EEUC) prob- 

lem. For the latter problem, very few multiobjective ap- 

proaches, not converting the problem into a single ob- 

jective one, have been reported. The majority of the 

studies concerning emission constraints are on the eco- 

nomic dispatch problem, for recent heuristics see, e.g., 

[9, 14, 15, 29]. However, the recent advent of carbon 

dioxide trading in the European Union has renewed in- 

terest in the environmentally constrained UCP. The envi- 

ronmental concerns have been incorporated into the unit 

commitment problem in two ways, namely: as a con- 

straint and as an objective.  In the latter case, some au- 
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thors still treat the problem as a single objective problem 

by combining the two objectives into one, while others 

address it as a bi-objective problem and thus look for 

non-dominated solutions. 

 
In some studies, see e.g., [23, 28], the UCP is ad- 

dressed considering emission constraints. In the afore- 

mentioned works, Lagrangian relaxation based algo- 

rithms have been proposed. [23] proposes a augmented 

Lagrangian relaxation. [25] provides a series of mixed- 

integer programming models for the EEUC problem. In 

[12], the authors combine the objectives functions us- 

ing a weighting factor and use a Lagrangian-relaxation- 

based algorithm. [16] uses a price penalty factor, de- 

fined as the ratio between maximum fuel cost and max- 

imum emission of corresponding generator, to blend the 

emission with fuel costs. This problem is also addressed 

in [11], where the authors propose several techniques, 

namely: genetic algorithms, evolutionary programming, 

particle swarm optimization, and differential evolution. 

In [4], the UCP with three conflicting functions such as 

fuel cost,  emission and reliability level of the system   is 

considered. In [27], an approach based on the con- vex 

combination of the objective functions, the weight- ing 

factor are then varied between 0 and 1. Catalo et al. [2, 

3] address the multi-objective unit commitment prob- 

lem considering cost and emission objective functions. 

[21] proposes a method combining Non-dominated Sort- 

ing Genetic AlgorithmII (NSGA-II) with problem spe- 

cific crossover and mutation operators. This work has 

then been improved in [20], since problem specific bi- 

nary genetic operators are used for the unit status matrix 

(commitment matrix) and real genetic operators are used 

for the power matrix thus exploring the binary and real 

spaces separately. In [13], a memetic evolutionary al- 

gorithm is proposed. This algorithm is an extension of 

the well know NSGA-II: non-dominated sorting genetic 

algorithm-II [7], since it incorporates a local search pro- 

cedure. 

 
In this paper, the BRKGA algorithm is combined with 

a nondominated sorted procedure. The BRKGA ap- 

proach includes a ranking selection method to evaluate 

the population and divide it into different Pareto fronts 

by assigning to each solution a rank equal to its non- 

domination level (in rank 1 are the non-dominated solu- 

tions, in rank 2 are the solutions only dominated by rank 

1 solutions, and so on). A crowd-comparison procedure 

is used to maintain population diversity. The BRKGA 

developed is based on the framework proposed in [8] and 

on a previous version developed for the single objective 

UC problem [17]. Our algorithm is tested on two stan-

dard 24-hour test systems, introduced in [24] and [18], 

each considering several cases involving from 10 up to 

100 generating units. Following on the idea presenting 

in [1], we develop a comparative study of our method 

and other MOES methods to demonstrate the efficiency 

and effectiveness or our approach. 

 

2 THE MULTIOBJECTIVE UCP 

In the multiobjective UC problem one needs to deter- 

mine an optimal schedule, which minimizes the produc- 

tion cost and emission of atmospheric pollutants over the 

scheduled time horizon subject to system and op- 

erational constraints. Therefore, the multiobjective UC 

problem is formulated including both objectives, i.e. the 

minimization of the total operational cost F(y, u) and the 

minimization of the pollutant emissions E(y, u): 

Minimize [F(y, u), E(y, u)] 

Let us now introduce the parameters and variables nota- 

tion. 

Decision Variables: 

yt,j:  Thermal generation of unit  j at time period t, in 

[MW ]; 
ut,j: Status of unit j at time period t (1 if the unit is on;  
0 otherwise); 

Auxiliary  Variables: 

T
on/off

(t): Time periods for which unit j has been 

continuously on-line/off-line until time period t [hours]; 
Parameters: 
T: Number of time periods (hours) of the scheduling 

time horizon; 

t: Time period index; 

N: Number of generation units; 

j: Generation unit index; 

Rt: System spinning reserve requirements at time period t 
[MW ]; 
Dt: Load demand at time period t [MW ]; 

Yminj: Minimum generation limit of unit j [MW ]; 

Ymaxj: Maximum generation limit of unit j [MW ]; Nb: 
Number of the base units; 

T
on/off

: Minimum uptime/downtime of unit j [hours]; 

Tc,j: Cold start time of unit j [hours];  
SH/C,j: Hot/Cold start-up cost of unit j [$];  

SDj: Shut down cost of unit j, in [$]; 

Se,j: Start-up atmospheric pollutant emission of unit j 

[ton−CO2] if CO2 or [mg/Nm3] if nitrogen oxides; 

∆𝒋
𝒅𝒏/𝒖𝒑

: Maximum allowed output level decrease/in-

crease in consecutive periods for unit j [MW ]. 
The first component of the objective function is the 

total operational cost as given in equation (1), while the 
second component is the total emission of the atmospheric 
pollutants (3). 

𝐹(𝑦, 𝑢) = ∑ (∑{𝐹𝑗(𝑦𝑡,𝑗)𝑢𝑡,𝑗 + 𝑆𝑈𝑡,𝑗(1 − 𝑢𝑡−1,𝑗)𝑢𝑡𝑗

𝑁

𝑗=1

𝑇

𝑡=1

+ 𝑆𝐷𝑗(1 − 𝑢𝑡,𝑗)𝑢𝑡−1,𝑗}) ,                (1) 
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where St, j and SDt, j are the start-up and shut-down costs 
of unit j at time period t, respectively and Fj are the fuel 
costs, conventionally given by the quadratic cost function 

Fj (yt, j ) = a j · (yt, j )2 + b j · yt, j + c j, (2) 

where a j, b j, c j are the cost coefficients of unit j. 

𝐸(𝑦, 𝑢) = ∑ (∑{𝐸𝑗(𝑦𝑡,𝑗)𝑢𝑡,𝑗

𝑁

𝑗=1

𝑇

𝑡=1

+ 𝑆𝑒𝑡,𝑗(1 − 𝑢𝑡−1,𝑗)𝑢𝑡,𝑗}),           (3) 

where Sej is the start-up atmospheric pollutant emissions 

of unit j at time period t and Ej  is given by equation (4). 

E j  (yt, j ) = α j · (yt, j )2 + β j · yt, j + γ j, (4) 

where α j, β j, γ j are the emission coefficients of unit j. 

The constraints can be divided into two categories: the 

system constraints and the technical constraints. System 

constraints include load requirements and spinning re- 

serve requirements, which can be written as follows: 

1) Power Balance Constraints 

The sum of unit generation outputs must cover the total 

power demand, for each time period. 

∑ 𝑦𝑡,𝑗𝑢𝑡,𝑗

𝑁

𝑗=1

≥ 𝐷𝑡 , 𝑡 ∈ {1,2, … , 𝑇}                (5) 

2) Spinning Reserve Constraints 

The total amount of real power generation available from 

on-line units net of their current production level must 

satisfy a pre-specified percentage of the load demand in 

order to minimize the probability of load interruption. 

N 

∑ Ymaxj · ut, j ≥ Rt + Dt, t ∈ {1, 2, ..., T}. (6) 
j=1 

The technical constrains include unit output range, 

minimum number of time periods that the unit must be 

in each status (on-line and off-line), and the maximum 

output variation allowed for each unit. 

3) Unit Output Range Constraints 

For each time period t and unit j, the real power output 

of each generator is restricted by lower and upper limits. 

Yminj · ut, j  ≤ Yt, j  ≤ Ymaxj · ut, j. (7) 

4) Ramp rate Constraints 

Thermal stress and mechanical characteristics restrict 

the output variation levels of each online unit in two 

consecutive periods. 

−∆𝑗
𝑑𝑛≤ 𝑦𝑡,𝑗 − 𝑦𝑡−1,𝑗 ≤ ∆𝑗

𝑢𝑝
                     (8) 

5) Minimum Uptime/Downtime Constraints 

If the unit has already turned on/off, there will be a 

minimum uptime/downtime time before it is shut- 

down/started-up, respectively. 

𝑇𝑗
𝑜𝑛(𝑡) ≥ 𝑇𝑚𝑖𝑛,𝑗

𝑜𝑛 (𝑡) and 𝑇𝑗
𝑜𝑓𝑓(𝑡) ≥ 𝑇𝑚𝑖𝑛,𝑗

𝑜𝑓𝑓 (𝑡)      (9) 

 

3 OPTIMIZATION ALGORITHM 

Decoding procedure. The decoding procedure used in all 

four algorithms is the one proposed in [17]. For each 

chromosome, the correspond-ing solution is obtained in two 

stages. Firstly, the output generation level matrix for each 

unit and period is computed using the random key values. 

The units production is proportional to their priority, thus 

each element of the output matrix 𝑦𝑡,𝑗 =
𝐷𝑡×𝑅𝐾𝑗

∑ 𝑅𝐾𝑖
𝑁
𝑖=1

. This 

solution is then checked for feasibility and whenever a 

constraint is violated the solution is modified by the repair 

algorithm proposed in [17]. 

 

Repair algorithm. The idea of this mechanism is to 

convert any infeasible individual into a feasible solution by 

sequentially checking for and repairing violated con- 

straints. The repair algorithm adjusts the output level of the 

units, when and as needed. The first constraints to be 

analysed are the output limits, followed by ramp rate 

limits.Then, the minimum uptime/downtime constraints are 

verified and the spinning reserve requirements fol- low. 

Finally, it is ensured that the demand requirements are 

satisfied. For details about the repairing mechanisms, the 

reader is referred to [17]. 

 

BRKGA adapted to multiobjective UC optimization. 

The ranking selection method is used for ordering the 

nondominated solutions according to the Pareto domi- 

nation concept, while the crowding distance is used to break 

the ties by choosing the best individuals to be in- cluded in 

new population. For details about the BRKGA approach, 

the reader is referred to [8, 17]. The initial population, with 

size Np, is created by generating the random keys. Given a 

population of chromosomes (ran- dom keys) the decoding 

procedure is applied such that to each chromosome 

corresponds a feasible UC solution. A feasible solution 

consists of a generation level matrix and the corresponding 

unit status matrix, both satisfying the UC constraints. The 

fitness function used to evaluate the solutions includes both 

the total operational costs and CO2 or NOx pollutant 

emissions. We have adopted a fit- ness procedure similar to 

that of NSGA-II, given in [6]. Each solution is assigned a 

fitness (rank) equal to its non- domination level. An 

offspring population, also of size Np, is obtained by 

resorting to biased selection, biased crossover, and the 

introduction of mutants. On the one hand, the biased 

selection ensures that one of the parents used for mating 

comes from a subset containing the best solutions of the 

current population. On the other hand, the biased crossover 

chooses with higher probability an allele from the best 

parent. Mutants are generated in the same way as the 

initially population and are introduced directly onto the 

next generation. 

We start by combining the current population with the 

newly obtained one. The combined population size is the 

double of the current population (2Np). 
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The population is sorted by the nondomination criterion 

(Fast Nondominated Sorting Approach). The 

nondomination criterion leads to several levels of 

nondominated fronts. The first level includes all 

nondominated individuals of the combined population. 

The second level, corresponds to a front con- taining 

individuals only dominated by the individuals of the first 

level front. All other levels are defined in a sim- ilar way, 

that is, in each level a front containing individ- uals 

dominated by all previous nondominated fronts is 

obtained. In order to obtain the new population we go 

through the generated fronts, in ascending order of level, 

and include all its individuals until we reach Np. If at any 

front level only some individuals are to be included, then 

they are selected in descending order of crowding 

distance. 

 
Performance metrics. In this paper four different per- 

formance measures are used considering the distinct 

goals of convergence to the pareto optimal front and the 

uniformity of distribution in terms of dispersion and ex- 

tension. We compare the convergence performance of 

different MOEA using the set coverage metric measure 

[31], the extent indicator measure [30], and the spacing 

measure [5]. 

 

4 COMPUTATIONAL EXPERIMENTS 
 

BRKGA Configuration. The BRKGA final parame- ter 

values were decided upon after some empirical ex- 

periments have been performed. The experimented val- 

ues were chosen using the guidelines provided by [6, 8], 

as well as, the computational experiments in [17]. 

The current population of solutions is evolved by the 

GA operators onto a new population as follows: the elite 

set is formed by 20% of best solutions; 40% of the new 

population is obtained by introducing mutants; and fi- 

nally, the remaining 60% of the population is obtained 

by biased reproduction, which is accomplished by hav- 

ing both a biased selection and a biased crossover. We 

set the number of generations to 10N and the population 

size to 2N. 

 
SPEA, NSGA, and NPGA Configurations. The al- 

gorithms have been implemented according to their de- 

scription in the literature. The other operators (recombi- 

nation, mutation, sampling) remain identical. To ensure 

the same conditions of application of the BRKGA identi- 

cal population size, 2N, and number of generations, 10N, 

are used for each algorithm. 

The NPGA, NSGA II, and SPEA2 parameters val- ues 

are chosen using the guidelines proposed in [6]. Some 

complementary computational experiments are 

performed, where other appropriate values of the GA pa- 

rameters are arrived at based on the satisfactory perfor- 

mance of trials conducted for this application with   dif- 

ferent range of values. For NPGA, the niche radius is 

σshare = 0.1 as chosen in [10]. Several computational 
experiments were made in order to choose the size of the 
comparison set tdom. In the tests this value varied  in 

the interval [5%, 30%] with a 5% step. The results ob- 
tained have shown a favourable value of tdom to be 10%. 

The distribution index ηm was set to 15 and the mutation 

probability to 0.1 as recommended by [5]. Table 1 has 

the population size, the crossover and mutation proba- 

bilities, and the number of generations used in each ap- 

proach. 

 
Table 1: GA Parameters. 

 

 BRKGA NSGAII NPGA SPEA2 

Population size 2N 2N 2N 2N 

Crossover probability 0.7 0.8 0.8 0.9 

Mutation probability  0.2 0.2 0.1 

N. Generations 10N 10N 10N 10N 

 

 

4.1    Case study 

The BRKGA and other three multiobjective optimiza- 

tion techniques were tested on a set of benchmark prob- 

lems, involving system with 10 up to 100 generation 

units and considering, in each case, a horizon of 24 

hours. The 10 generation unit system problem, the base 

case, was originally proposed by [18, 26] and the system 

data is provided is provided in those references. Sub- 

sequently, the 20, 40, 60, 80 and 100 generators systems 

are obtained by duplicating the base case system (i.e. the 

10 generators system) and the load demands are adjusted 

in proportion to the system size. In all cases the spinning 

reserve is kept at 10% of the hourly demand. 

In Figure 1 we have plotted the nondominated solu- 

tions, i.e. the Pareto front obtained with the four meth- 

ods. As it can be seen, the BRKGA has the most widely 

spread front. Therefore, it seems that BRKGA preserves 

the diversity of the nondominated solutions and have bet- 

ter diversity characteristics and well-distributed over the 

Pareto-optimal front than other three algorithms. 

The average values, over 10 optimization runs of each 

algorithm, of the four measures is given in tables 2 to 

5. Since the set coverage measure indicates the fraction 

of each nondominated set that is covered by the other 

nondominated set, it can be concluded that the nondom- 

inated solutions of our method covers relatively higher 

percentages of the other solutions. 

For instance, in the problem with 10 units, on the one 

hand, as can be seen in Table 2, on average the nondom- 

inated set achieved by BRKGA dominates about 66.5 % 

of the nondominated solutions found by NSGA II. How- 

ever, the front obtained by NSGA II only dominates in 

less than 11.4 % of the nondominated solutions produced 

by BRKGA. On the other hand, with regard to NPGA, a 

BRKGA front dominates on average 91.5% of the corre- 

sponding NPGA front, while the nondominated set pro- 

duced by NPGA only dominates 1.3% the front obtained 

by BRKGA. Finally, the nondominated set achieved by 
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Figure 1: Pareto-optimal fronts obtained from different algo- 

rithms in a single run for 10 units. 

 

Table 2: Percentage of Nondominated Solutions of set B cov- 

ered by those in set A. 

 

  
10 units 

   set A / set B BRKGA NSGA II NPGA  SPEA2 

BRKGA  66.5 91.5  55 

NSGA II 11.4  32  4 

NPGA 1.3 18 
 

 0.5 

SPEA2 26 61.3 91.5   
 20 units 

BRKGA  70.3 97.3  69 

NSGA II 13.9 
 

44.8  1.8 

NPGA 0.9 16.3   0.5 

SPEA2 17.8 75.5 91.8 
  

 40 units 
BRKGA  72.1 86.1  43.4 

NSGA II 4.7 
 

52.8  0 

NPGA 2.4 19.9   0 

SPEA2 26.8 90 94.6   
 60 units 

BRKGA  68.3 66  60.9 

NSGA II 3.4 
 

66  0 

NPGA 2.5 21.3   0 

SPEA2 10.5 98.8 99.3   
 80 units 

BRKGA  59 34.6  21.1 

NSGA II 1.1 
 

58.4  0 

NPGA 0.6 20.8   0 

SPEA2 16.1 97.5 88.9   
 100 units 

BRKGA 
 

82.4 55.9  36.7 

NSGA II 0.4  46.5  0 

NPGA 0.04 37.2 
 

 0 

SPEA2 13.9 98.2 99.8   
 

BRKGA dominates about 55% of the nondominated so- 

lutions found by SPEA2 while the front obtained by 

SPEA2 dominates only in less than 26%. Even if we 

look at the most relative performance of the BRKGA, 

which occurs for the problem with 80 generation units, 

it can be seen that the BRKGA dominates in about 59%, 

34.6% and 21.1% of the nondominated solutions found 

by NSGA II, NPGA and SPEA2, respectively. How- 

ever, the front obtained by BRKGA is dominated only 

about 1.1%, 0.6% and 16.1% of the NSGA II, NPGA 

and SPEA2 nondominated solutions, respectively. 

Regarding the contribution measure, as said before, it 

indicates the percentage of the solutions of the nondom- 

inated set of PF1  ∪ PF2  that are provided by PF1.     As 

already said, if Con(PF1, PF2) > 0.5 means that PF1  is 

better than PF2 in terms of convergence of the Pareto 

front.  Thus, the values reported in Table 5 allow in the 

conclusion that the BRKGA outperforms the other three 

techniques in terms of convergence. 

The spacing measure, which is reported in Table 3, re- 

flects how uniformly spread the solutions obtained are. 

Table 3: Spacing average measures over 10 optimization runs. 

 10 20 40 60 80 100 

BRKGA 7279.4 8781.2 11822 12729 12218 12773 

NSGA II 6793 7796.1 9414.7 9155.4 10262 8335.7 

NPGA 5350.5 5489.9 6790.7 10194 13144 10201 

SPEA2 4938.7 7194.7 6151.1 9817.8 7608.2 7282.4 

 
Table 4: Extent average measures over 10 optimization runs. 

 10 20 40 60 80 100 

BRKGA 1140.8 1620 2273.9 2779.1 3202.8 3581.9 

NSGA II 1127.1 1586.2 2234.7 2732.3 3143.5 3526.7 

NPGA 1103.5 1560.7 2224.2 2672.6 3140.3 3511.9 

SPEA2 1124.4 1585.5 2229.5 2731.1 3142.4 3514.2 

 

As it can be seen the BRKGA has larger values. There- 

fore, the nondominated solutions found by it are not as 

uniformly spread as the ones produced by other meth- 

ods. Nevertheless, this does not seem to be a drawback 

since the BRKGA is the method that provides the larger 

extent of nondominated solutions, see Figure 1. Finally, 

the average of extent measure of the nondominated so- 

lutions,over 10 optimization runs, is given in Table 4. 

When looking at the results for the extent measure, we 

can infer the distance between the outer nondominated 

solutions of each technique. It can be seen that the non- 

dominated solutions obtained by the proposed BRKGA 

span over the entire Pareto-optimal front. Thus, given 

that the BRKGA has larger values, it can be concluded 

that it outperforms the other three approaches. 

 

5 CONCLUSIONS 

In this paper a new approach to find Pareto sets for the 

multiobjective unit commitment problem is used. The 

proposed algorithm combines the biased selection and 

biased crossover of the BRKGA approach with nondom- 

inated sorting procedure and crowded comparison oper- 

ator used in NSGA II technique. 

The algorithm maintains a finite-sized archive of non- 

dominated solutions which gets iteratively updated in the 

presence of new solutions based on the concept of pareto 

dominance. 

The proposed approach has been assessed through a 

comparative study, for two case study problems, with the 

other state of the art multiobjective optimization tech- 

niques. The convergence and diversity performances are 

evaluated. The best results are obtained for BRKGA and 

SPEA2 approaches with respect to most of multiobjec- 

tive performance metrics. Comparatively to the SPEA2, 

the BRKGA algorithm has best coverage performance 

but worst diversity performance in first case study, while 

it has worst performance coverage but best diversity per- 

formance in second case study. The results shows that 

BRKGA can be an effective method for producing trade- 

off curves. Trade-off curves such as those presented here 

may give decision makers the capability of making bet- 

ter decisions. Moreover, the best diversity performance 

of the BRKGA in second case study allows the decision 
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Table 5: Contribution measure percentages. 

 

  
10 units 

  cont( A,B) BRKGA NSGA II NPGA SPEA2 

BRKGA  87.1 98.5 76 

NSGA II 12.9  78.8 22 

NPGA 1.5 21.2 
 

4.5 

SPEA2 24 78 95.5 
 

20 units 

BRKGA 
 

81.1 99 82.9 

NSGA II 18.9 
 

81.9 20.1 

NPGA 1 18.1 
 

3.2 

SPEA2 17.1 79.9 96.8 
 

40 units 

BRKGA  87 95.3 66.5 

NSGA II 3 
 

88.9 8.6 

NPGA 4.7 11.1 
 

2.1 

SPEA2 33.5 91.4 97.9 
 

60 units 
BRKGA  84.1 92.5 76.7 

NSGA II 15.9 
 

97.4 1.2 

NPGA 7.5 2.6 
 

0.3 

SPEA2 23.3 98.8 99.7 
 80 units 

BRKGA 
 

79.3 88.1 58.7 

NSGA II 20.7 
 

99.1 2.3 

NPGA 11.9 0.9  0.5 

SPEA2 41.3 97.7 99.5  
100 units 

BRKGA  91.1 94.4 63.3 

NSGA II 8.9  91.2 1.7 

NPGA 5.6 8.8 
 

0.1 

SPEA2 36.7 98.3 99.9 
 

 
 

maker to have more choices in the selection of solution. 

Given that the approaches have similar decode proce- 

dures, the improvement in performance is most likely 

due to elitism. Elitism also guarantees that no good so- 

lutions are lost. 
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