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Abstract 

 
This research is concerned with scheduling in a hybrid job shop with multi-level BOM. General scheduling 
algorithms utilizes information such as processing time, due date, and the BOM level. However, required 
information becomes more complex and massive depending on the characteristics of the problem to be solved. For 
example if we want to make correct decisions in situations like unexpected disturbance or variance of operation 
times, human intervention is indispensable. In this research, we aim to develop a scheduling scheme that is relatively 
simple and consistent with a worker's intuition, so that a worker may respond correctly to unexpected events. In the 
scheme, a code system that helps the worker to decide priority of jobs is devised and a scheduling procedure that 
utilizes that code system is suggested. To evaluate the proposed scheme, a simulation study has been conducted and 
the result was compared with existing scheduling schemes. 
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1. Introduction 
The job shop scheduling problem is the NP-hard problem. It takes exponential time to compute the global optimal 
solution. Therefore, many researchers have applied meta-heuristic approaches to solve it. This research is concerned 
with a hybrid job shop problem with multi-level BOM. This problem has more options and constraints than the 
classical job shop problem. Therefore, more computational effort is required to solve it. To obtain a good solution in 
reasonable time, the genetic programming is applied that is the famous meta-heuristic approach for various problems. 
 
This research is concerned with a hybrid job shop problem with multi-level BOM. This problem has more options 
and constraints than the classical job shop problem, which is already the NP-hard problem. So many researches have 
applied meta-heuristic approach to obtain a good solution in reasonable time. 
 
Appliance of various methods provides good performances for static job entering environment. However, in 
dynamic environment which jobs arrive in real-time, these methods are hard to work. To apply methods in static 
environment to dynamic environment, we have to reschedule all remain timeline whenever new job arrives into shop. 
However, it is rarely found out that such approach is actually implemented in the real system. Usually the 
manufacturing system is dynamic; new jobs continuously enter the system while operating existing ones; operations 
are not exactly performed as scheduled because of variances such as machine break down and material handling 
delay. So frequent rescheduling is inevitable to follow up the changes of shop. However, it is almost impossible to 
collect all required information including current job progresses and resource statuses in the system every time a 
change happens. Even if a new schedule is obtained, distribution of the schedule for synchronization has many 
difficulties to put it into practice. 
 
So instead of meta-heuristics, the dispatching approach is widely used in the dynamic environment, where a 
dispatching rule gives priorities to all jobs waiting in a machine queue, and workers just processes a job with the 
highest priority in the queue. In this approach, a scheduling decision can be made concerning only jobs in the 
corresponding queue independent of the others whenever a resource becomes available. It is easy to implement and 
friendly for workers who process jobs. There are many factories which implemented this approach for their process 
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lines. Many simple dispatching rules have been developed for decades. However, its performance is inferior to those 
which applied meta-heuristics. To improve performance, there have been some trials to develop complex 
dispatching rules which combines some of simple dispatching rules and includes time-variant information such as 
job statuses in their rule formulations. These complex dispatching rules may attain some improvements, but most of 
cases these are restricted to specific shop settings, i.e. the performance fluctuates as shop setting or parameter varies. 
And some of them also sacrificed applicability of simple dispatching rules. 
 
In this background, we developed a new scheduling scheme which combines advantages of both meta-heuristics and 
dispatching rules. A new coding scheme is suggested which consists of short digits to be used for discerning 
priorities of jobs alternating the dispatching rule. To build the coding scheme, the genetic programming is applied 
which can be applied to generate a new code scheme whenever production environment is changed. 
 
To overcome these difficulties, we tried to build code scheme for workers. This coding scheme provides the priority 
as short digits for each process. There are some options for the algorithm to build coding scheme. This study 
selected genetic programming. Genetic programming has advantage in the ability to deal with tree structure. Genetic 
programming builds coding scheme with various instances of the entire shop and products. 
 
The rest of the paper is organized as follows: Section 2 summarize the related studies of this paper. In Section 3, I 
will briefly explain Genetic programming algorithm for this paper. Section 4 explain the main idea of this paper and 
Section 5, 6 did simulation study and analyze its result. 
 
2. Related Work 
Scheduling problem is directly connected to the performance of manufacturing shop. Many researchers tried to solve 
job shop scheduling problem and they achieved lots of improvements. In flexible manufacturing system scheduling, 
which contains parallel machines with plural available processes, many researchers tried to improve scheduling 
solution. Luh, P.B(1990) solves parallel machine scheduling with lagrangian relaxation and heuristic methods. Lin, J. 
T. and Lee, C.(1997) applied colored timed petri-nets to solve FMS scheduling problem. Gultekin et al.(2007) solve 
FMS problem considers transportation time between machines to build cycle scheduling. Proposed methods of these 
researches provide improved results. There was many researches apply the adaptive learning algorithm. Xiaonan Li 
and Sigurdur Olafsson(2005) used data mining approach to build schedule. In this study, they tried data-driven 
approach, which utilize past scheduling record to search hidden scheduling rules of field workers. Christopher D. 
Geiger et al.(2006) applied Genetic Programming to build dispatching rules in single machine environment. The 
result of this research provided improved solution, but only limited in single machine shop problem. Joc Cing Tay 
and Nhu Binh Ho(2007) also tried to use Genetic Programming, their research dealt with the scheduling problem 
with multi-objective flexible job shop.  
  
2.1 Dispatching rule 
Many researchers studied scheduling policies for decades. In manufacturing production line, the impact of 
scheduling policy is massive. Therefore, many scheduling rules tried to get the optimal solutions for various 
objective functions. Dispatching rule is the one of the scheduling policies, which can be easily utilized in actual 
factory manufacturing line. Compared with other rules which builds a detailed schedule, dispatching just provide the 
ordering policy for waiting jobs. When factory workers use dispatching rule, workers just compare each waiting 
job's priority for their machine and select a job with best priority. Compared with other complex scheduling 
algorithms, dispatching rule has an ability to react to unscheduled events, but its performance is inferior with 
complex rules in the complicated situation. Therefore, in actual shop, dispatching rule gains lots of popularity, 
because it is easy to implement, and flexible to unscheduled situation. To overcome the disadvantage of traditional 
dispatching rules, some complex dispatching rules, which combine various aspects of jobs, are suggested. The 
performance of developed rules are superior in their developed environment, they cannot guarantee their 
performance in the shops with different parameters. Moreover, the complex dispatching rule contains dynamic 
aspects such as remaining time or the number of waiting jobs, so it is very complicated to calculate exact priority 
under dynamic situation. In addition, there are various options in building the dispatching rules, so it was almost 
impossible to select the most appropriate rules for their shop. We used some traditional dispatching rules as 
benchmarking rules. In this study, we selected four dispatching rules to compare with proposed coding scheme. We 
selected Shortest Processing Time(SPT), Earliest Due Date(EDD), Minimum Slack Time(MST), Modified Due 
Date(MDD). Brief description of the benchmarking rules listed in Table 1.  
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Table 1: List of Benchmarking Rules 

Rule Rank Priority 

SPT Shortest Processing Time min pij 

EDD Earliest Due Date min di 

MST Minimal Slack Time min 
 

MDD Modified Due Date min 
 

 
2.2 Genetic Programming 
Some researchers tried to use adaptive learning algorithms to search better complex dispatching rules. In this study, 
proposed algorithm selects genetic programming. Genetic programming is a one of the modified genetic 
programming, which evolves its popularity with crossover and mutation. Instead of gene representation as a string, 
genetic programming use a tree structure as its gene like Figure 1. Therefore, it has advantage in the field of 
evolving tree structures like the mathematical equation. 
 

 
 

Figure 1: Example of gene in Genetic Programming 
 
Genetic Programming evolves its popularities with two operations, crossover and mutation. Crossover operation 
exchanges two subtrees from different gene as shown in Figure 2. Crossover is the basic operation in the stage of 
generating population of the new generation. 
 

. 
 

Figure 2: Crossover 
 

Mutation operation select a random subtree and changes selected subtree as randomly generated new subtree as 
shown in Figure 3. Mutation can be optional operation in Genetic programming, but high mutation probability 
provide dynamism to its population, but  excessive application of mutation cause the lack of stability in population 
improvement.  
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Figure 3: Mutation 
 
 
3. Coding Scheme 
 
3.1 Introduction 
Many researchers have tried to solve Hybrid job shop problem. Their solving algorithms are too complex and take 
exponential time to compute optimal solution. Moreover, in spite of initial performance of these algorithms, when 
unscheduled and uncertain events make happen, they spoil the initial schedule.. Therefore, workers have to deal with 
unscheduled situation using their experience and intuition. Therefore, the splendid performance of the algorithm in 
planning step does not realize in real shop. In dynamic hybrid job shop, the implantation of complex scheduling 
algorithms is doubtful, because of their complexity and computational difficulty. So most of dynamic hybrid job 
shop uses the simple traditional tools.  Some former studies built complex dispatching rules and verified its 
performance. However, their performance was not superior under general shop environment. Therefore, in actual 
factory, managers have to build their unique dispatching policy for their shop. However, it is too complex to build 
complex learning dispatching rule manually. Because of too many factors to consider, it is almost impossible to 
build it by hand. Therefore, we tried to use the adaptive algorithm to construct code scheme. Proposed coding 
scheme generates appropriate coding scheme for the certain shop. To generate coding scheme, adaptive algorithm is 
applied to discover appropriate coding scheme. The generated coding scheme may utilize dynamic parameters such 
as current time, remaining time, and waiting number of product, etc. However, priority from algorithms with 
dynamic parameters changes over time. Changing priority may cause confusion to workers who operate machines. If 
priority contains only static parameters, workers’ confusion will decrease. Therefore, proposed coding scheme uses 
only statics parameters to calculate priorities. Many adaptive algorithms such as genetic programming, particle 
swarm optimization, data mining gain popularities over researchers. We selected genetic programming to generate 
coding scheme. 
 
3.2 Coding Scheme 
In proposed coding scheme, each process of product has its own priority calculated with parameters of individual 
job and orders. From individual job, proposed coding scheme uses release time, due date, total processing time, a 
depth of its BOM, and number of processes in BOM. From individual process, processing time, the number of 
remaining processes, and remaining time, the number of available machines, and float(from CPM) are selected. At 
last, from entire shop, number of waiting numbers of product and orders when orders entering are selected. Selected 
operands are calculated with various operators such as four elementary arithmetic operators, and remainder. 
Involution, minimum, and maximum are considered, but our coding scheme excludes them. Because involution 
generates too long numbers, workers may confuse to compare priorities. And minimize and maximize often cause 
same result between different coding schemes. Table 2 summarizes all operators and operands in proposed coding 
scheme. 
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Table 2: List of Operators and Operands 

Operator Operand 

+, -, 
Ⅹ,  ÷ , 

remainder 

Release time 
Due date 
Total processing time 
Depth of its BOM 
Number of processes in BOM 
Processing time 
Number of remaining processes 
Remaining time 
Number of available machines 
Float(from CPM) 
Number of waiting product(entering) 
Number of orders(entering) 

 
With selected operators and operands, coding scheme generate random calculation tree with recursive manner. Each 
node can contain operators or operand. If node contains operand, it has a randomly generated coefficient between 1 
and 10. Figure 4 is the example of proposed coding scheme. 
 

 
 

Figure 4: Example of Coding Scheme 
 
3.3 Coding Scheme Generation System 
In proposed coding scheme, system works as shown in Figure 5. At first, the data of the shop and the order is 
gathered.  The data from shop contains the number of each machines and available processes and processing time. 
The data from orders contains the distribution of the ordering quantity and its due date. After that, genetic 
programming generates the coding scheme under predetermined shop environment. The aim of proposed coding 
scheme is the excellent performance within fixed shop, not fixed order. Therefore, not to build the biased coding 
scheme, generation system uses multiple set of orders in rule generation step. At last, the generated coding schemes 
are evaluated. To evaluate coding scheme, the order sets for evaluation are applied. After evaluation, select the best 
coding scheme and implement it to the shop. 
 

 
 

Figure 5: Stages in proposed coding scheme generation system 
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4. Simulation Study 
 
4.1 Shop Generation 
To evaluate the performance of proposed coding scheme, a random shop, products, processes and orders are 
generated. Generated shop is the flexible job shop with multi-level BOM.  
Shop contains two kinds of machines. One is the machine for assemble process and other one is the machine for 
machining processes. In addition, each machine can have parallel machines that can execute same kinds of processes. 
In simulation experiment in this study, the number of machines for assembly and machining is predetermined 
manually. After generate the machines, products and their BOM are generated. 
 
In product generation stage, fixed number of products is generated. In this stage, BOM generation is the core process. 
The multi-level BOM is generated by randomized process. It has two kind of processing. One is the assembly 
process that combines two isolated parts and other is machining process that operates with a part. Processing time of 
each process is randomly generated with uniform distribution. In actual product, assemble process can be done with 
more number of parts than 2, but our simulated experiments, assemble process only combines 2 parts, but in our 
simulation experiments, we limited the number of assembled parts to 2 parts. 
 
4.2 Order Generation 
After generated shop environment, some sets of orders are generated. The generated sets are divide into 2 parts, one 
parts is the generating sets, and the other part is the sets for evaluating. To simulate actual order, we fixed the 
number of ordering time with fixed interval. After that, orders with random generated products are generated for 
each order timing. To set a due date of each order, simulation experiment module calculates the minimum time to 
complete order and  multiply it by due date tightness to set the time of length from release time to due date. 
 
4.3 Simulation Parameters 
In simulation study, we generate shop with parameters and run genetic algorithm in Table 3. 
 

Table 3: The shop parameters 
Parameters Value 

Order 

Number of order time 4 
Interval between order times 600 
Max quantity of orders per period 10 
Min quantity of orders per period 5 
Max number of products per order 3 
Max quantity of products 10 

Machine Total number of machine 12 
Max quantity of parallel machines 3 

Product 
Average depth of BOM 5 
Max processing time per processing 20 
Min processing time per processing 5 

Genetic 
Algorithm 

Chance of mutation 10% 
Population size 100 

 
To verify the performance of proposed coding scheme in various environment, various machine and due date 
tightness setting are applied. Machine settings are listed in Table 4. This study tries three kinds of due date tightness, 
2, 1.5, and 1.0. 
 

Table 4: The machine settings Table  
Machining machines 4 3 2 
Assembly machines 2 3 4 
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4.4 Experiment 
Coding schemes are randomly generated and evolve following generations. At first, candidate schemes are 
generated by randomized process. In evolving stage of Genetic Programming, detailed schedules of all generating 
sets with all candidate-coding schemes are generated and evaluated each candidate with all generating set’s result. 
When genetic programming touched terminal condition, evolving process is completed and the results of genetic 
programming are evaluated with evaluation order sets and their results are compared with other benchmarking rules. 
 
5.4 Simulation Result 
5.4.1 Evaluation of the result 
In this research, the results of coding scheme are evaluated with two kinds of performance measure. They are 
makespan and the number of tardy jobs. To evaluate the scheduling performance of different orders sets and shops, 
unified measures are suggested. To compare makespan, the lower bound is calculated and the ratio of lower bound 
and makespan is used as performance measure. Lower bound is computed by Equation (1). To compare the number 
of tardy jobs, the ratio of late jobs over total number of jobs is used. 

                    (1) 
 
5.4.2 Makespan 
In the result of simulation experiment, the performance of proposed coding scheme is better other benchmarking 
rules. Makespan of schedule is compared under three kinds of machine setting.  Table 4 summarizes the makespan 
of simulation experiment with various machine setting. 
  

Table 4: The makespan result of simulation experiments 

Machine 4-2 3-3 2-4 

Rule Generate Evaluate Generate Evaluate Generate Evaluate 

SPT 1.2370 1.2751 1.2513 1.7006 1.2361 1.2761 

EDD 1.2367 1.2756 1.2487 1.6615 1.2369 1.2775 

MST 1.2361 1.2756 1.2470 1.6687 1.2355 1.2795 

MDD 1.2363 1.2780 1.2486 1.6614 1.2673 1.2805 

Coding Scheme 1.2366 1.2748 1.2874 1.5939 1.2366 1.2748 
 
In the result of simulation experiment, the performance of proposed coding scheme is better than traditional 
dispatching rules. When shop contains more balanced machine set, the different of performance of proposed coding 
scheme is improved. Because when the machine setting is balanced, there exist more spaces for rules optimization. 
Therefore, proposed coding scheme can be improved more than other settings  
 
5.4.3 The number of tardy jobs 
Proposed coding scheme has better performance in the number of tardy jobs. The number of tardy jobs is evaluated 
under various due date tightness and the number of machines for machining and assembly. The result shows that 
with tighter due date, proposed coding scheme can make more improvement than traditional rules. Moreover, the 
proposed coding scheme makes more improvements with the number of tardy jobs than makespan. Table 5, 6, 7 
summarize the ratio of tardy job form simulation experiment with various machine setting. 

 
 
 
 
 
 
 
 
 



1309 
 

Table 5: The ratio of tardy job with due tightness 2.0 
Machine 4-2 3-3 2-4 

Rule Generate Evaluate Generate Evaluate Generate Evaluate 

SPT 0.1401 0.1897 0.2307 0.1606 0.3605 0.3017 

EDD 0.0063 0.0138 0.0838 0.0201 0.34189 0.3052 

MST 0.0063 0.0139 0.0828 0.0228 0.3418 0.3051 

MDD 0.0054 0.0139 0.0762 0.0252 0.3410 0.3052 

Coding Scheme 0.0052 0.0127 0.0838 0.0221 0.1830 0.2829 
 

Table 6: The ratio of tardy job with due tightness 1.5 
Machine 4-2 3-3 2-4 

Rule Generate Evaluate Generate Evaluate Generate Evaluate 

SPT 0.3597 0.1749 0.3068 0.4216 0.4685 0.4477 

EDD 0.3034 0.1082 0.1539 0.2236 0.4412 0.2589 

MST 0.2936 0.1130 0.1539 0.2236 0.4412 0.2589 

MDD 0.3042 0.1081 0.1504 0.2236 0.4317 0.2589 

Coding Scheme 0.2056 0.0834 0.1351 0.1356 0.4137 0.2613 
 

Table 7: The ratio of tardy job with due tightness 1.0 
Machine 4-2 3-3 2-4 

Rule Generate Evaluate Generate Evaluate Generate Evaluate 

SPT 0.8450 0.9252 0.4872 0.3654 0.8817 0.8919 

EDD 0.7462 0.8342 0.4164 0.1599 0.9006 0.9451 

MST 0.7462 0.8342 0.4164 0.1609 0.9006 0.9451 

MDD 0.7455 0.8342 0.4010 0.1512 0.8755 0.9452 

Coding Scheme 0.5519 0.6066 0.3041 0.1209 0.8165 0.7973 
 
When due date tightness is loose, the proposed scheme do not make huge difference with other benchmarking rules. 
There is no space for improved optimization under relatively comfortable due dates. However, with tight due date, 
the strength of proposed coding schemes is revealed. Therefore, result shows that the proposed coding scheme can 
work better under harsh due date environment. 
 
6. Conclusion 
In this study, we tried to build the coding scheme for hybrid job shop with the adaptive learning algorithm. In this 
coding scheme, genetic algorithm was applied to build a coding scheme with various sets of orders, and evaluated 
with independent sets for evaluating. We can show that the performance of proposed coding scheme is better than 
traditional dispatching rule. However, experiments of this study are limited in the complexity of shop. To verify the 
strength of proposed coding scheme under the real shop, more research under complicated environment and with 
real factory are needed. In addition, we will investigated other adaptive learning methods such as simulated 
annealing, particle swarm optimization to get more advanced coding scheme. 
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