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Abstract — Job shop scheduling problem is an important branch of combinatorial optimization problems. Many researchers have 
constructed multi-objective optimization models taking different factors into account, but none of them have considered the 
security issue. We have taken the continuous process time into account and established a security based multi-objective 
optimization models for the job shop scheduling problem. An improved hybrid genetic algorithm for the multi-objective model is 
also proposed in this paper. We compared our proposed genetic algorithm with other algorithms by a large number of data 
experiments and the performance of the proposed genetic algorithm is verified. 
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I. INTRODUCTION 

Job shop scheduling problem (JSSP) belongs to a 
strongly NP-Hard combinatorial optimization problem [1]. 
The shop environment, the performance indicators and the 
process constraints decide the difficulty of obtaining the 
optimal schedule [2]. In 1963, Fisher and Thomson [3] first 
presented the benchmarks of JSSP and the single objective 
JSSP has begun to attract the attention of researchers since 
then. In most of the studies, the objective of single-objective 
JSSP is to minimize the timespan. Lots of methods have 
been pro-posed to solve the single objective JSSP [4]. Linear 
Programming algorithms (LP), Lagrangian Relaxation (LR), 
and Branch and Bound algorithms (BB) are representative of 
exact algorithms. These methods often ensure global 
convergence and have solved the small-scale instances 
success-fully. However, with the size of the problem 
increases, the computing time of these methods increased 
dramatically. Tabu Search (TS), Genetic Algorithm (GA), 
Shifting Bottle-neck Approach (SBA), Simulated Annealing 
(SA), Particle Swarm Optimization (PSO) are typical 
examples of approximation algorithms. These approximation 
algorithms are very easy to implement and many 
experiments have proven that these algorithms can obtain 
better solutions with a reasonable computation time. 
However, actual production systems need to consider 
multiple objectives simultaneously. This means the final 
schedule must consider various objectives simultaneously. 
Nagar et al. [5] emphasized the importance of multi-
objective scheduling problems and summarized some 
methods to find solutions of multi-objective JSSP 
(MOJSSP). Rong-Hwa focused on lot splitting in the JSSP 
and attempted to minimize the carrying costs, machine idle 
and weighted total of stock [6]. Adibi et al. studied dynamic 
MOJSSP with variable neighborhood search to minimize the 
tardiness criterion and timespan [7]. Based on a machine 
speed scaling framework, Zhang et al. introduced the 
objective of minimizing energy consumption into the JSSP 
and proposed an improved multi-objective genetic algorithm 

[8]. Mohamed Kurdi presented an effective new island 
model GA based on a new selection mechanism and a new 
evolution model, to solve the JSSP. A new mathematical 
model was constructed by Shen et al. to the flexible dynamic 
multi-objective JSSP, and an improved evolutionary 
algorithm was proposed based on proactive reactive method. 
Based on ant colony optimization and multi-objective 
simulated annealing, Panahi et al. developed an efficient 
algorithm to solve the JSSP that minimizes total tardiness 
and timespan. Nasser et al. solved the FJSP with the novel 
hybrid genetic algorithm and simulated annealing. For a 
flexible JSSP, Xiong et al. simultaneously considered 
robustness and timespan, addressed robust scheduling with 
random machine breakdowns. Zhao et al. proposed an 
improved particle swarm optimization with decline 
disturbance index. In order to solve the multi-objective 
flexible JSSP, Li et al. proposed a new discrete artificial bee 
colony algorithm. Jia et al. solved the multi-objective 
flexible JSSP using a new path-relinking method based on 
the status of the art TS algorithm with back-jump tracking. 

From the literatures mentioned above, it can be seen that 
the flow time, completion time, tardiness, earliness, lateness 
and numbers of tardy jobs are usually selected to be the 
optimization criteria in MOJSSP. These optimization criteria 
are established according to the completion of the jobs. They 
have not considered the operation of the machines. 
Consequently, we simultaneously considered the safely us-
age of the machines and the completion situation of the jobs, 
established a security based MOJJSP model with the 
objective of minimizing mean continuous process time and 
timespan.  

The organization of our paper is as follows. We describe 
our problem and its mathematical model in Section 2. An 
improved hybrid genetic algorithm is designed to solve the 
MOJSSP in Section 3. The experimental results are 
presented in Section 4. The last Section is the conclusions. 
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II. PROBLEM DEFINITION AND 

MATHEMATICAL MODELLING  

Typically, the classic JSSP can be described as following 
[6]: m different machines processed on n different jobs. Eve-
ry job has m operations. On a given machine, each opera-
tion must be processed no preemption for a predetermined 
processing time. There are some restrictions to jobs and ma-
chines: (1) every job should visit a machine once and only 
once and should be processed by one only machine at a 
certain time. (2) Operations of different jobs have no 
precedence restrictions. (3) At a certain time, every machine 
can process only one job. (4) There is no release time or due 
date restrictions. 

The objective of JSSP is to define the completion time 
and the starting time of each operation, the operation 
sequences on every machine, so as to minimize some certain 
performance metrics subject to the restrictions. 

In many previous studies, the optimization criteria of the 
MOJSSP are the completion time, the number of tardy jobs, 
flow time, tardiness, lateness and earliness. These objectives 
almost not consider the usage of the machines, and are built 
according to the completion of the jobs. In practice JSSP, 
there are n jobs must be processed on m machines. Obvious-
ly, the completion situation of every job is our top priority 
goal, but we should not ignore the usage of machines, which 
is also a very important problem. Speaking of machines, the 
safely use of machines and the prolonging life of machines 
are important issues. Especially in the engineering 
applications, machines are easily damaged and expensive. 
Irrational use of the machine will strengthen the damage to 
the ma-chine that will reduce the lifetime of the machine. 
One of the important indicators to the safely use of the 
machine is the continuous process time. Therefore, this paper 
established a security based MOJJSP model with the 
objective of minimizing mean continuous process time and 
makespan. 

For a feasible schedule X


, operation sequences of every 
machine can be obtained by arranging each operation. This 
shows that there is a functional relationship between the 
feasible schedule X


 and the completion time 

ikc ( ni ,,2,1  , mk ,,2,1  ) , this can be denoted as 

 XCcik


 . 

Definition 1: On machine j , every sequence of 
operations processed successively is defined as a successive 
operation block.  

Definition 2: If there are a number of jk  successive 

operation blocks on machine j  ( nk j  ), on successive 

operation block jkkk 1, , the summation of the 

processing time is defined as a continuous process time, 
denoted by jkCRT . 

Given a feasible schedule X


, we can calculate the 
continuous process time on each machine. This shows that 
there is a functional relationship between the continuous 

process time jkCRT  ( mj ,,2,1  ，
j

kk ,,2,1  , 

nk
j
 and the feasible schedule X


, denoted by 

 XCRTCRTjk


 . 

According to the above description, we construct a 
MOJSSP model with the objective of minimizing mean 
continuous process time and timespan.  

Minimize      MCRTCXf ,max


               (1)  

Subject to  
  mkhnicaMpc ihihkikik  ,2,1,.,,2,1,1     (2) 

  mknjipxMcc jkijkikjk  ,2,1.,2,1,,1      (3) 

   mknicik  ,2,1.,2,1,0                   (4) 

  mkniXCcik 


,2,1.,2,1,0                (5) 

  jjk kkmjXCRTCRT ,,2,1.,2,1, 


         (6) 

Where equation (1) means the objective functions, X


 is 

a feasible schedule,  
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maximum makespan, and ikc  expresses the complete time of 

machine k  processed job i .   
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expresses the mean continuous process time. On machine 
j , jkCRT  denotes the continuous process time of k-th 

successive operation block and jk  denotes the numbers of 

successive operation blocks. Equation (2-6) represents the 
process sequences and machine sequences defined by the 

technology constraint. ikik cp ,  means the processing time 

and the completion time when job i  processed on machine 

k . M  expresses a sufficiently large positive number. ihka  

means the index coefficient and ijkx  means the index 

variable, respectively. 





otherwise

kmachinebeforeijobprocessedhmachineif
aihk ,0

,1
  

(7) 





otherwise

kmachineonjjobbeforeisijobif
ijkx

,0

,1
           (8) 

III. AN IMPROVED HYBRID GENETIC 

ALGORITHM FOR MOJSSP 

A. Encoding Method 

In this paper, we used the permutation encoding (Hirano, 
1995), witch is currently most used to solve the MOJSSP. 
For an   jobs and   machines MOJSSP, a    chromosome is 
composed of   genes, exactly, each job will appear   times. 
From left to right, by searching the chromosome, the k-th 
appearance of a job number indicates the k-th operation of 
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this job. It can always generate a feasible scheduling solution 
using this method. 

B. Selection Operation and Fitness Function  

The fitness function used in this study can be defined as 
follows. 

)(tP  denotes the current population. Individual 

)(tPX i   is compared with all other individuals, then we 

can get a set )})((|{)( iXjXtPjXjXiXc  . The fitness 

function can be defined as    ii XCXf 1 , where  iXC   is 

the individuals' number in   iXC . 

In our algorithm, if 
)( iXf
 is fitness value of 

)(tPX i   , 

the selected probability of iX
 equal to 




N

k
kii XfXfXp

1

)()()(
, 

where N  is population size. 

C. The Crossover Operation and Mutation Operation 

A critical path based crossover operator designed in 
literature was used in this paper so as to strengthen the 
heritability of the algorithm. The probability of generating 
excellent individuals was increased in this crossover 
operator through using a strategy to determine whether an 
offspring contains the critical path.  

We use a critical path based mutation operator proposed 
by in this research. According to literature, it can be seen 
that the critical path based mutation operator ensured the 
algorithm convergence to the optimal solution and improved 
the probability for producing the excellent individuals. 

D. A Novel Local Search Operation  

So as to accelerate the speed of our algorithm, we 
designed a novel local search operator. Suppose that x is 
the child individual generated by the novel local search 
operator from parent individual x , and   is a threshold 
which indicates the new solutions' number through local 
search operation in this paper. 

Algorithm 1 (A novel local search operation): 
Step1: Let 1i  and N . 

Step2: If  i , then turn to step 3, otherwise, turn to 
step 5.  

Step3: Swap any two operations of x  randomly and get 

a new solution iN . 

Step4: iNNN   , i , and then go to step 2. 

Step5: Denote the best individual of the N  as x .  

E. The Frame of the Hybrid Genetic Algorithm  

An improved hybrid genetic algorithm was proposed so 
as to solve the MOJSSP based on genetic operators 
designed above.  

Algorithm 2 (Hybrid genetic algorithm: HGA): 
Step1. Let 0t , initial population )0(P  is randomly 

generated, the fitness value of each individual is calculated.  
Step2. From )(tP , select two individuals  randomly and 

use the critical path based crossover operator to get an 
offspring. Generate N  offspring by repeating above process 
N times, and denoted the offspring as )(tP .  

Step3. For each individual belongs to )(tP , use the 
critical path based mutation operator and obtain an offspring 
set, recorded as )(tP  . 

Step4. For )(tP  , evaluate each individual's fitness 
value.   

Step5. For )(tP  , use the local search operator to each 

individual with probability of lp
 and obtain an offspring 

set, recorded as )(tP  .  
Step6. Use elitist strategy and select N  individuals from 

set )()( tPtP  , recorded as )1( tP . 
Step7. If it is meet the stop criteria, then stop. Else, 
t , and turn to step2. 

IV. SIMULATION RESULTS 

A. Test Problem and Algorithm Description 

We select six benchmarks with different sizes to examine 
the performances of proposed HGA. FT10 is cited from; 
LA01, LA06, LA11, LA21 and LA36 are selected from. A 
non-dominated sorting multi-objective evolutionary 
algorithm which is recently often been used in many studies 
so as to examine their algorithms, called NSGA-II proposed 
in  was compared with HGA. 

B. Comparison Metrics  

The comparison metrics used in literature are selected to 
validate the reliability of our proposed HGA. 

Suppose jS  expresses the non-dominated solutions set 

found by algorithm 2,1, jj . 21 SSS  . 

We use )(1 jSCOM   to expresses the number of solutions 

in set jS  which are not dominated by others in set S .  

|}:|{|)(1 xySySxSSCOM jjj                 (9) 
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TABLE I. COMPARISON METRICS )(1 jSCOM , )(2 jSCOM  AND )(3 jSCOM  

Problems Scale )(
*

1 xf  )(
*

2 xf  
)(1 jSCOM  )(2 jSCOM  )(3 jSCOM  

NSGA-II HGA NSGA-II HGA NSGA-II HGA 
FT10 10×10 949 77.7356 1 33 167.4423 94.5237 20.0029 11.3929 
LA01 10×5 666 89.5644 0 24 116.0610 91.7757 15.8107 10.7108 
LA06 15×5 926 108.143 1 25 91.1535 72.2019 15.6619 9.0292 
LA11 20×5 1150 122.311 0 34 126.0303 91.7146 11.4152 7.2727 
LA21 15×10 1083 90.4969 0 21 212.1196 156.1180 20.5279 17.8842 
LA36 15×15 1312 77.5683 1 25 216.0975 132.4546 14.6294 9.4270 
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Figure 1.  Nondominated solutions of FT10 
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Figure 2.  Nondominated solutions of LA01 
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Figure 3.  Nondominated solutions of LA06 
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Figure 4.  Nondominated solutions of LA11 
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Figure 5.  Nondominated solutions of LA21 
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Figure 6.   Nondominated solutions of LA36 

We use )(2 jSCOM   to expresses the distance from the 

Pareto front to the obtained non-dominated front.  
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||
||

)
*

,()(2
1

j

S

i
ij SxxDSCOM

j




                   (10) 

We use )(3 jSCOM  to expresses the uniformity of the 

solution set jS . 

)1()()(3
1

2
 



ndidSCOM
n

i
j

                     (11) 

|))()(||)()((|min 2211 XfXfXfXfd
jiji

i
j

       (12) 

In this equation, nj ,,2,1  ,  ji   and d  expresses 

the mean value of id . 

C. Simulation Results and Discussions 

We implemented the algorithms with MATLABR2014a. 
Parameters are set as following: size of population 

120N , crossover probability 
8.0cp

, mutation 

probability 
1.0mp

, local search probability 
5.0lp

 and 
10 . On each test problem, the algorithms were run 10 

independent times. We use NSGA-II and HGA to six test 
problems and compared their performance below.  

For each test problems, the non-dominated solutions 
found by HGA and NSGA-II are shown in Figure 1-Figure 
6. From the figures, we can see that the non-dominated 
solutions found by HGA are closer to the Pareto optimal 
front than that found by NSGA-II. This indicates that the 
non-dominated solutions found by NSGA-II are poorer than 
that found by HGA.  

The values of comparison metrics )(1 jSCOM , )(2 jSCOM  

and )(3 jSCOM  obtained by NSGA-II and HGA are listed in 

Table 1. The comparison values of )(1 jSCOM  shows that the 

most of non-dominated solutions found by HGA dominate 
that found by NSGA-II. It proves that HGA can find higher 
quality non-dominated solutions. The comparison values of 

)(2 jSCOM  found by NSGA-II are larger than those found by 

HGA for all of six test problems. It indicates that the 
distance from Pareto front to the non-dominated solutions 
found by NSGA-II are larger than those found by HGA. The 
values of )(3 jSCOM  found by NSGA-II are larger than those 

found by HGA for all of six test problems. It indicates that 
the distribution of the non-dominated solutions found by 
NSGA-II is poorer than those of HGA. 

The simulation results prove that the performance of the 
HGA is better than the NSGA-II. 

V. CONCLUSION 

We established a MOJJSP model based on security with 
the objective of minimizing the mean continuous process 
time and the timespan in this paper. In order to solve the 

established multi-objective model exactly, we proposed an 
improved hybrid genetic algorithm based on a novel local 
search operator. The simulation results prove that the 
performance of the designed algorithm is better than the 
compared algorithm. 
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