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As it is well-known the fitness of the best chromosome 
decreases monotonously by the increase of the number of 
iterations. Naturally similar graph has to be effected performing 
the analysis of the same (20-machine, 25-job) permutation 
flow-shop scheduling problem several times. The program has 
been run 30 times to this problem for each iteration-number 
represented in Figure 3. The average values of the objective 
function (idle time) resulted by the genetic algorithm with fix 
(150) population-size using by 4% cloning, 16% mutation and 
80% crossover in case of three different selection operators 
(best, roulette and random) are the followings. 
 

 
Fig. 3. Results of the different selections & iteration-numbers 
 

The chart shows the idle time of the machines along the 
vertical axis and the increasing number of iterations from 5 to 
1000 along the horizontal axis. It can be declared that the best 
selection, contrary to the other two selection strategies, 
excellently approaches to the optimal solution. It can be seen 
that the random selection produces the worst results among the 
selection operations while the roulette-wheel selection is about 
one per cent better than the random after the same iterations. 
After 100 iterations the GA which uses the best selection is 9,2 
per cent better than after 5 iterations. 

The new question is raised: what do these graphs look like 
by the modification of the probabilities of cloning, mutation 
and crossover? The next investigation leaves out the crossover 
operator from the optimization, so the populations will be 
generated by applying only two genetic reproduction 
operations: cloning and mutation of the best individuals. The 
software has been run 30 times to the previous scheduling 
problem for each proportion of the cloning represented in 
Figure 4. The average values of the idle time provided by the 
GA in view of 100 population-size and the best selection 
mechanism in function of the ratio of the mutation after 150 
iteration are the followings. 

On the vertical axis the idle time is given, the other axis 
represents the ratio of the cloning. From this diagram we can 
see that the genetic algorithm generates better and better 
solutions at first (up to 30% cloning), but more increase in the 
ratio of the cloning gives worse and worse values of the idle 
time. Consequently the minimum value (4013) occurs when the 
ratio of the mutation is 70% (and the cloning is 30%). 
 

 
Fig. 4. Results in function of the ratio of the cloning-mutation 
 

In the next analysis the genetic algorithm applies only for 
the cloning and the recombination (crossover) operations, 
accordingly the mutation operator will be left out. It can be 
stated from Figure 5 that the smallest values occur when the 
ratio of the crossover is between 75 and 15 per cent. 

 
Fig. 5. Results in function of the ratio of the cloning-crossover 
 

The minimum value (4156) is at 75% cloning. It can be 
established that the GA without crossover converges toward the 
optimum much (about 4%) better than without mutation. 

Finally the genetic (crossover and mutation) operators will 
be checked for correlation with each other. The average values 
of the objective function resulted after 30 execution of the 
algorithm for each proportion of the mutation from 0 to 90 
represented on horizontal axis of Figure 6 in function of the 
ratio of the crossover and mutation using by fix 10% cloning 
are the followings: 
 

 
Fig. 6. Results in the ratio of the mutation-crossover 
 

From this chart we can see that the program generates 
better and better solutions with increasing in the ratio of the 
mutation up to 57%, but following this the efficiency of the 
algorithm is decreasing in a small extent. Consequently the 
optimum (4036) occurs when the ratio of the mutation is 57% 
(and the crossover is 33%). 
 
4. CONCLUSION 
 

I can claim that a higher proportion of the mutation and the 
best selection results much better solutions than a higher 
proportion of the crossover or the other selection mechanisms. 

In the future I would like to analyze the efficiency of each 
crossover and mutation operator. Because the job-shop and the 
open-shop scheduling problems have a considerably larger 
search space than the flow-shop, and both are an important and 
ubiquitous problems, I am going to enlarge the algorithm over 
these scheduling problems. 
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