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Abstract 
 
Job Shop Scheduling Problem (JSP) is one of the hardest NP-hard class combinatorial optimization problems. 
Flexible Job Scheduling Problem (FJSP) occurs with the use of parallel machines in job shop environment and it 
is more complex than JSP because it contains two sub problems: operation sequencing and operation assignment 
to machines. There are two main approaches to solve FJSP: Hierarchical approach and integrated approach. In 
hierarchical approach, machine assignment and operation sequencing are independent from each other whereas 
in integrated approach they occur simultaneously. There are many heuristic methods to solve FJSP in the 
literature. Artificial Immune System inspired by the vertebrate immune system (AIS) is one of these methods. In 
this study, an artificial immune system approach based on hierarchical approach is developed to solve FJSP. To 
demonstrate the effectiveness of the algorithm, numerical experiments by using three benchmark problem sets 
are conducted. In problems which most operations can be processed in more than one machine (BRdata and 
some BCdata type problems), better or outperforming results than ones given in the literature are obtained. 
Moreover, in problems which few operations can be processed in more than one machine (BCdata and DPdata 
type problem), promising and competitive results are obtained.  
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1. Introduction 
Flexible job shop scheduling problem (FJSSP) indicates the problem type in which the jobs can be processed in 
more than one machine; so, it is an extension of Job Shop Scheduling Problem (JSSP) (Pinedo 2002). FJSSP 
includes the decision of sequencing the jobs as well as an assignment of jobs to machines. As can be seen here, 
there are two main difficulties: Operation assignment to machines and finding the most suitable operation 
sequence to optimize the desired performance criteria. In this case, FJSSP is much more complex than JSSP 
because it contains all difficulties and complexities of JSSP besides it includes operation assignment to 
machines (Pinedo 2002, Bagheri et. al. 2002). 
 
Similar to JSSP, FJSSP depends on determining most suitable operation sequence on the most suitable machine 
for each job and finding start and finish time for each operation. Unlike classical JSSP, operation assignments to 
machines make the problem quite difficult (Xia and Wu 2005, Wing and Yang 2009, Ho et. al. 2007).  
 
In general, there are following assumptions for FJSSP (Gao et. al. 2008): 

• There are a set of jobs and a set of machines. 
• Each job contains fixed sequence of operations. 
• Each machine can process at most one operation at a time. 
• All machines are available at t = 0. 
• All jobs can be started at t = 0 
• There are no precedence constraints among operations of different jobs. 
• Any operation cannot be interrupted. 

 
There are two main sub-problems in FJSSP: Sequencing of jobs and operation assignments to machines 
(routing). And there can be used two solution approaches according to decomposing these two sub-problems or 
not: Hierarchical approach and integrated approach. Hierarchical Approach means that sequencing and routing 
of jobs are decomposed from each other. In this approach, firstly, operations are assigned to machines and then, 
operations are sequenced according to the machines processing them. Briefly, this approach can be called 
“assign, then sequence”. Integrated Approach means that sequencing and routing are made simultaneously. In 
this approach, while the processing order is determined, the processing machine is also determined for each 
operation (Fattahi 2007).  
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Artificial Immune Systems (AIS) include implementation of working principles of vertebrate immune system to 
problems in various areas like optimization, data mining, fault detection etc. and it has a widespread use (De 
Castro et. al. 1999). Immune system protects body against strange things. It has many processes that recognize 
antigen materials like viruses, bacterias, and tumors and differentiate them from its own cells and destroy these 
antigens via unique mechanisms. The specification that there is no central organ or tissue is one of the most 
important features of immune system (De Castro et al. 2001). Immune system has unique cells called 
lymphocytes. They use many different mechanisms to recognize and destroy the antigens. There are two main 
mechanisms: The negative selection and clonal selection mechanism. The negative selection mechanism ensures 
recognition and discrimination of self and non-self cells. Clonal Selection mechanism provides the most 
appropriate reaction to antigens entering body via the special molecules called antibody (Figure 1). 

 
 

 
Figure 1: Clonal Selection Mechanism (De Castro et. al. 1999) 

 
Clonal selection mechanism reveals the basic features of the immune response against antigenic stimulus. The 
basic idea is that lymphocytes recognize the antigens, differentiate them from self body cells and after antigen 
recognition, the lymphocytes proliferates rapidly. Clonal selection occurs via B and T type lymphocytes and has 
the following main features (De Castro et. al. 1999, De Castro et. al. 2001): 

• New cells are produced from father cells(clones) by means of high rates of mutation mechanisms. 
• Lymphocytes proliferates against all cells but afterwards the lymphocytes sensitive to self body cells 

are destroyed (Negative Selection). 
• The matured cells which recognize antigens well, proliferates and ensure the diversity of these cells. 
• After the innate immune response which occurs antigens enter the body for the first time, the antibodies 

and lymphocytes which recognize these antigens best are saved in the memory and when these antigens 
are encountered again, they can be cleaned by much more rapid and sudden responses. 

 
In this study, a new solution approach for FJSSP which depends on immune system mechanisms is developed 
and the computational results using it are analyzed and discussed. For this purpose, the developed artificial 
immune system solution approach is given in section 2; computational results are given in section 3. Finally, the 
paper is concluded in section 4. 
 
2. The Proposed Artificial Immune System Approach 
 
2.1 Antibody Representation 
The antibody representation in the proposed approach is similar to chromosome representation that developed 
for this type of problems in genetic algorithms (Gen and Cheng 1997). Studies have shown that chromosome 
representation is the first important step to solve FJSSP successfully (Ho and Tay 2004). In the proposed 
approach, antibody representation contains two steps: 
 

• Job Sequencing: For this step, permutation representation with repetition which is one of the most 
successful representations in the literature is preferred. So, each job is repeated for the number of operations 
that is included in it and then the order of operations is determined by means of reading that order from left 
to right (Figure 2). 
• Job Assignment to Machines: It is independent from job sequencing because the algorithm is a 

hierarchical algorithm. While operations are assigning to machines, it is read from left to right and the 
operation is assigned to a machine from the list of assignable machines randomly (Figure 2).  
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Figure 2: Job Sequencing and Operation Assignment to Machines 
 
If V1 shows operation order vector and V2 shows the machines assigned for the operations, combining V1 and 
V2 forms the antibody representation for FJSSP (Figure 3) (Gao et. al. 2008). 
 

V1= [1 2 1 3 2 1 2 3], V2= [1 3 2 1 2 3 1 2]                1 2 1 3 2 1 2 3 1 1 3 1 2 2 3 2

Operation Order Machines

 
 

Figure 3: Antibody Representation 
 

2.2 First Population and Cloning 
The first population is generated randomly. Job sequencing is formed randomly, then operation assignment to 
machines is made, so that the antibody is formed. This process is repeated for the whole population size. 
Population size parameter is entered by users. For cloning, firstly, cloning rate parameter is selected by user, 
then number of clones is computed according to the equation (1) 
 
                           The Number of Clones = Cloning Rate*Population Size                                                         (1) 

 
Afterwards, antibodies from the current population are selected as much as the number of clones. In selection of 
clones, a method similar to roulette wheel in genetic algorithms is used. This method give more chance to 
antibodies has low Cmax value. The cloning probability for each antibody is determined by the following 
procedure (Engin and Doyen, 2007). 
 

a) Compute Cmax for each antibody in the current population. 
b) Find max Cmax value in the population. 
c) Calculate affinity value for each antibody according to following equation 
 

                   Affinity Value=[Max(Cmax)+1)- (Cmax)]                                                              (2) 
 

d) Find selection probability for each antibody via following equation: 
 

          

Antibody Affinity Value        Selection probability
Total Affinity Value of Antibodies In The Population

=
               (3)

 

 
Each antibody is put into the roulette wheel according to its selection probability above and the antibodies to be 
cloned are selected. 

 
2.3 Somatic Hypermutation 
Each cloned antibody is mutated in inverse proportion to its affinity value. For each clone, following mutations 
are made and showed in Figure 4. 

• Insertion: Firstly, one of the genes on the antibody is randomly selected and then, it is inserted between 
two random consecutive genes. 

• Swap: Two genes are selected randomly and then they are swapped and a new antibody is obtained. 
• Single Machine Mutation: A random operation is selected and the machine processing it is replaced 

with a new machine. 
• Two Machine Mutations: Random two operations are selected, the machines processes them are 

replaced with new ones. 
• Invert Mutation: Two gene segments are selected and then the genes between those two genes are 

inverted and a new antibody is formed. 
 
 
 
 

Jobs 1 2 1 3 2 1 2 3 Operations O11 O12 O13 O21 O22 O23 O31 O32

Operations O11 O21 O12 O31 O22 O13 O23 O32 Machines 1 3 2 1 2 3 1 2
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2.4 Receptor Editing and Memory Cells 
In receptor editing phase, it is determined what to do with the bad antibodies in the current population (Figure 
4).For each generation, the best antibodies are saved as memory cells and the worst antibodies in the current 
generation are replaced with them. 
 
2.5 Job Routing 
Before running the algorithm, the route of each job is stored by the program so it is not allowed that the job 
visits any machine out of its route. To do this, large numbers are assigned to the processing times on the 
machines other than the route of the jobs. 
 

O
M
O
M

One Machine Mutation
Swap

1 41312 3 421
1 13412 3 421

Insertion

Two Machine Mutation Invert Mutation

 
Figure 4: Mutation Types 

 
2.6 General Procedure for the Proposed Approach 
General procedures of the proposed approach are shown in Figure 5. 
 

 
 

Figure 5: Pseudocodes for Somatic Hypermutation, Receptor Editing and General Procedures in the Proposed 
Approach 

 
3. Computational results 
The proposed approach was coded on MATLAB R2007b. The computational experiments were conducted in a 
computer which has Intel Core 2 Duo 1.66 GHz processor and 2 GB RAM. The proposed approach was tested 
on benchmark problems known as BRdata, BCdata and DPdata taken from the literature 
(http://www.idsia.ch/~monaldo/fjsp.html, Brandimerte 1993). 
 

http://www.idsia.ch/~monaldo/fjsp.html�
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Before testing the proposed approach, the best values for the critical parameters cloning rate and mutation rate 
are determined using MK01 problem taken from BRdata (http://www.idsia.ch/~monaldo/fjsp.html, Brandimerte 
1993). The results of five replications are in Table 1. In Table 1, the cloning rate and the mutation rate are 
classified into three groups as low, middle and high. Each group has three different levels. Table 1 shows that 
the obtained Cmax and solution time (T) values for MK01 test problem when different cloning 
rate and mutation rate values have been chosen. 
 

Table 1: Best Parameter Testing Results Using MK01 Problem (Cmax: Makespan, T: Processing Time).  

Cmax T Cmax T Cmax T Cmax T Cmax T Cmax T Cmax T Cmax T Cmax T
0,1 41,80 70,80 41,20 70,29 42,20 71,32 40,40 70,10 41,00 70,18 41,20 70,36 42,00 70,55 42,00 72,63 40,20 71,34
0,2 40,80 62,04 41,80 62,41 40,80 63,29 41,40 64,54 41,20 65,48 41,00 66,45 41,20 68,62 39,60 68,12 40,60 69,35
0,3 41,60 50,99 41,60 51,98 41,20 54,21 40,80 56,33 40,20 57,51 39,80 59,87 40,40 62,50 40,00 64,38 40,40 66,27
0,4 40,60 50,02 41,40 50,29 41,00 53,16 40,00 54,66 41,80 56,85 39,00 58,50 40,60 60,90 41,00 61,51 37,60 64,18
0,5 41,20 40,46 40,20 43,34 38,80 45,65 42,00 48,16 39,40 50,95 40,80 53,59 41,20 56,26 38,40 58,97 41,20 61,62
0,6 40,40 30,51 40,40 34,24 40,40 37,44 40,40 41,34 40,40 44,98 39,60 48,55 39,80 51,96 38,40 55,19 40,20 59,54
0,7 39,40 23,86 39,60 28,18 40,80 32,33 41,40 36,60 40,20 40,48 40,20 44,64 40,40 48,90 38,60 53,31 40,40 57,47
0,8 42,40 20,78 40,00 25,23 41,00 29,88 40,80 34,46 40,40 39,06 38,60 43,68 41,20 47,87 40,40 52,04 38,00 58,83
0,9 41,60 14,86 41,00 20,28 42,40 25,48 39,20 31,33 39,40 36,32 41,20 41,07 41,20 46,22 40,20 51,55 40,20 60,04

MUTATION RATE

CLONING&MUTATION RATE 
TEST TABLE

HIGH
0,7 0,8 0,9

C
L
O

N
IN

G
 R

A
T

E LOW

MIDDLE

HIGH

LOW
0,1 0,2 0,3

MIDDLE
0,4 0,5 0,6

 
 
As it can be seen from Table 1 the best parameters belong to cloning rate and mutation rate are found as 0,4 and 
0,9. 
 
In order to test proposed AIS approach, three different data sets are used. The first data set has 10 problems 
(BRdata) from Brandimarte (http://www.idsia.ch/~monaldo/fjsp.html, Brandimerte 1993). The second data set 
has 21 problems (BCdata) from Barnes and Chambers (http://www.idsia.ch/~monaldo/fjsp.html), and the third 
data set has 18 problems from Dauzerre-Peres and Pauli (http://www.idsia.ch/~monaldo/fjsp.html). For each test 
problem, five replications are performed. For all experiments, following parameters were used: Population Size 
= 20, Number of generations = 3000, Clone Rate = 0.4, Mutation rate = 0.9, Memory Cells = 4.The results are 
given in Table 2. In Table 2, the first column shows the name of problem, the second and the third column show 
the number of jobs and the number machines. The fourth column defines the lower bound which is given in the 
literature (Gap et. al. 2008). The fifth column shows the obtained results by using the proposed AIS approach. 
The other columns (6-11) show the results of (Bagheri et. al. 2009, Ho and Tay 2004, Ong et. al. 2005, Pezzela 
et. al. 2006, Chen et. al. 1999, Jia et. al. 2003) respectively. 
 

Table 2: The Obtained Results for BRdata 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Pr
ob

lem
Na

me n m LB

Pr
op
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ed

 A
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AI
S B

ag
he

ri

Cl
on

aF
LE

X

GA
 Pe

zz
ell

a

GA
 C

he
n

GE
NA

CE

GA
 Ji

a

MK01 10 6 36 36 40 39 40 40 41 40
MK02 10 6 24 28 26 27 26 29 29 28
MK03 15 8 204 204 204 - 204 204 204 204
MK04 15 8 48 60 60 65 60 63 67 61
MK05 15 4 168 176 173 173 173 181 176 176
MK06 10 15 33 66 63 70 63 60 68 62
MK07 20 5 133 148 140 145 39 148 148 145
MK08 20 10 523 523 523 523 523 523 523 523
MK09 20 10 299 300 312 311 311 308 328 310
MK10 20 15 165 215 214 - 212 212 231 216  

 

http://www.idsia.ch/~monaldo/fjsp.html�
http://www.idsia.ch/~monaldo/fjsp.html�
http://www.idsia.ch/~monaldo/fjsp.html�
http://www.idsia.ch/~monaldo/fjsp.html�
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As it can be seen from Table 2, the proposed AIS approach has better or at least the same makespan values with 
the other approaches in the five of the ten test problems. Also, AIS_Bagheri (Bagheri et. al. 2009) and 
ClonaFLEX (Ong et. al. 2005) algorithms are integrated AIS algorithms so the proposed hierarchical AIS 
approach can compete with them. 
 
The results for BCdata and DPdata are given in Table 3. In Table 3, the first column shows the name of 
problem, the second column shows the number of jobs and the number machines. The third column shows the 
lower and upper bounds for the problem, the fourth column shows the obtained results by using the proposed 
AIS approach. The other columns show the results of previous algorithms. M&G denotes the algorithm of 
Mastrolilli, M. and Gambardella 2000) and G&S&G denotes the algorithm of (Gao et. al. 2008). 
 

Table 3: Results for BCdata and DPdata 

 

(1) (2) (3) (4) (5) (6) (1) (2) (3) (4) (5) (6)

PROBLEM n x m (LB,UB)
Proposed

Alg. M&G G&S&G PROBLEM n x m (LB,UB)
Proposed

 Alg. M&G G&S&G

mt10c1 10 x 11 (655, 927) 791 928 927 01a 10 x 5 (2505, 2530) 2579 2518 2518

mt10cc 10 x 12 (655 , 914) 797 910 910 02a 10 x 5 (2228, 2244) 2292 2231 2231

mt10x 10 x 11 (655, 929) 785 918 918 03a 10 x 5 (2228, 2235) 2266 2229 2229

mt10xx 10 x 12 (655, 929) 846 918 918 04a 10 x 5 (2503, 2565) 2607 2503 2515

mt10xxx 10 x 13 (655, 936) 803 918 918 05a 10 x 5 (2189, 2229) 2284 2216 2217

mt10xy 10 x 12 (655, 913) 825 906 905 06a 10 x 5 (2162, 2216) 2252 2203 2196

mt10xyz 10 x 13 (655, 849) 767 847 849 07a 15 x 8 (2187, 2408) 2432 2283 2307

setb4c9 15 x 11 (857, 924) 978 919 914 08a 15 x 8 (2061, 2093) 2177 2069 2073

setb4cc 15 x 12 (857, 909) 944 909 914 09a 15 x 8 (2061, 2074) 2137 2066 2066

setb4x 15 x 13 (846, 937) 983 925 925 10a 15 x 8 (2178, 2362) 2409 2291 2315

setb4xx 15 x 12 (846, 930) 926 925 925 11a 15 x 8 (2017, 2078) 2166 2063 2071

setb4xxx 15 x 13 (846, 925) 971 925 925 12a 15 x 8 (1969, 2047) 2054 2034 2030

setb4xy 15 x 12 (845, 924) 958 916 916 13a 20 x 10 (2161, 2302) 2273 2260 2257

setb4xyz 15 x 13 (838, 914) 935 905 905 14a 20 x 10 (2161, 2183) 2186 2167 2167

seti5c12 15 x 16 (1027, 1185) 1219 1174 1175 15a 20 x 10 (2161, 2171) 2182 2167 2165

seti5cc 15 x 17 (955, 1136) 1194 1136 1138 16a 20 x 10 (2148, 2301) 2278 2255 2256

seti5x 15 x 16 (955, 1218) 1297 1201 1204 17a 20 x 10 (2088, 2169) 2164 2141 2140

seti5xx 15 x 17 (955, 1204) 1246 1199 1202 18a 20 x 10 (2057, 2139) 2146 2137 2127

seti5xxx 15 x 18 (955, 1213) 1257 1197 1204

seti5xy 15 x 17 (955, 1148) 1219 1136 1136

seti5xyz 15 x 18 (955, 1127) 1177 1125 1126

Results  on BCData Results on DPData

 
 
As it can be seen from Table 3, in BCdata, the best results are obtained in the first seven problems but in the 
other problems previous approaches have better results. Also, in DPdata, previous approaches are better than the 
proposed approach. It is strange that the proposed approach has better results in BCdata than in DPdata for the 
problems having 10 jobs. Besides, for n is equal to 15 and 20, the other algorithms are better than the proposed 
approach. These results make us think that the success of the algorithms should depend on not only the number 
of jobs and machines but also their structures like the number of operations for per machine, bottlenecks etc. 
And it is necessary to make more analysis of them. For example, changing the clone rate and the mutation rate 
may give better results. 
 
Generally, the proposed approach obtains robust solutions and can outperform the previous algorithms 
especially in BRdata. And it has better in seven of 21 test instances in BCdata. The CPU times for the proposed 
approach are longer than other approaches. Because the proposed approach was coded on MATLAB 
programming language and it is quite slower than other programming languages. Therefore, the CPU times are 
not given since comparing CPU times would not be relevant. 
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4. Conclusions 
In this study a new hierarchical AIS approach based on clonal selection principle was proposed for the FJSSP. 
The success of the proposed approach is proved based on benchmark problems taken from the literature. The 
results show that the proposed approach can obtain at least as good results as other approaches, especially in 
BRdata and BCdata problems. On the other hand, it can not obtain better results on DPdata problems. The 
reason of this may be having different structures of test problems. 
 
For future studies, different clone and mutation rates can be tested and a local search procedure can be added to 
the proposed approach and also it can be coded in a faster programming language than Matlab in terms of CPU 
time. Moreover the FJSSP can be handled as a multi-objective problem in terms of lateness, tardiness, machine 
workloads as well as makespan.  
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