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Abstract: Producing customized products in a short time at low cost is one of the goals of agile 

manufacturing. To achieve this goal in a manufacturing system, products are differentiated either 

by a machining-driven or an assembly-driven differentiation strategy. The successful 

implementation of these two strategies lies in efficient scheduling of the system. This paper 

addresses the scheduling a rapid production of high varieties of modular products at low costs in 

agile manufacturing. The system comprises two stages: machining and assembly. The first stage 

consists of a flexible machine capable of producing a variety of parts. Machined parts are 

assembled in prescribed orders to manufacture a range of modular products at the second stage, 

which consists of two or more identical assembly stations. Scheduling problems are proved to be 

NP-hard (Non deterministic polynomial time hard) types of problems and they are not easily or 

exactly solved for large sizes. In this paper, Particle Swarm Optimization (PSO) algorithm have 

been proposed and developed to obtain optimal schedules for complex products. The proposed 

algorithm is evaluated with the benchmark problems. The performance of the proposed 

algorithm is compared in terms of makespan. The results available for the various existing 

heuristics are compared with results obtained by the PSO algorithm. The comparison reveals that 

PSO algorithm provides better solution. 
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1. Introduction 
 
Nagel and Bhargava (1994) define agile manufacturing as the ability to thrive and prosper in a 

competitive environment of continuous improvement and unanticipated change, to respond 
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quickly to rapidly changing markets driven by customer-based valuing of products and services. 

The concept of Agile Manufacturing (AM) which is a combination of both FMS and lean 

manufacturing originated. AM calls for quick response to the customers, demands which may be 

in any volume. On realizing the importance of AM in attaining competence in modern scenario, 

various forums were started exclusively for promoting its principles. Even before the theoretical 

concepts on AM have been anchored in literature, manufacturing companies have started to 

proceed in this direction. 
 

The realization of an agile manufacturing system has several important features like 

flexibility incorporating change and disturbance handling functions. This enables real time 

production control; its main assignment is to adapt the production system to the changing 

environment while preserving efficiency with respect to cost, time and quality requirements. As 

a strategy, agile manufacturing is concerned with objectives, structures, processes and resources 

and not with individual point solutions, particular technologies, and methods etc, considered in 

isolation. The emphasis is on designing the enterprise as a whole so that certain characteristics 

are achieved and not on the piecemeal adoption of quick fixes, prescriptions and panaceas. Agile 

manufacturing may require some current best practices, lean production concepts, technologies 

and taken for granted assumptions to be re-evaluated, modified or even abandoned. In the same 

way that mass production marginalized is likely to marginalize many mass production firms, 

even those with lean production enhancements. The development of effective and efficient AM 

scheduling strategies remains an important and active research area. 

 

2. Literature Review 
 

The problem of scheduling products represented by simple and complex digraphs in a two-stage 

flexible manufacturing system was first solved as an aggregate scheduling problem (Kusiak, 

1989). Hunsucker and Shah (1994) reviewed industrial applications of scheduling in chemical 

engineering, computer systems, telecommunication networks, flexible manufacturing systems 

(FMSs), etc. Chen (1995) developed heuristics to solve the special cases for systems that have 

only two centers or systems where only one of the centers has parallel machines. Extensions of 

flow shop problem with parallel machines that incorporate buffers and transport between centers 

have been studied by Wittrock (1988). A survey by (Shen and Norrie 1999) reports 30 projects 
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using agent technology for manufacturing planning, scheduling and execution control where 

agents represent physical entities, processes , operations, parts, etc. 
 

The multi agent systems paradigm represents one of the most promising approaches 

to the development of agile scheduling systems in manufacturing (Rabelo et al 1999). He and 

Babayan (2001) discussed to solve scheduling problems associated with the assembly-driven 

product differentiation strategy in a general flexible manufacturing system. He and Babayan 

(2002) developed a theorem that provides the optimal schedules for simple products. They also 

addressed the problem of scheduling complex products. They presented a digraph 

standardization procedure, a mathematical formulation, a lower bound computation, and four 

heuristics. In addition, their computational results show that their proposed heuristics result in 

optimal and near optimal schedules. However, the results also point to an opportunity for better 

performance as the heuristics often deviate from the lower bound significantly. Sha and Hsu 

(2006) modified the particle position representation, particle movement, and particle velocity to 

better suit PSO for the job shop scheduling problem and also applied tabu search to improve the 

solution quality. 
 

Xia and Wu (2006) proposed a hybrid PSO algorithm for the problem of finding the 

minimum makespan in the job-shop scheduling environment. Ponnambalam and Kiat (2008) 

proposed a PSO algorithm to solve machine loading problem in a flexible manufacturing system 

with bicriterion objectives of minimizing system unbalance and maximizing system throughput 

in the occurrence of technological constraints such as available machining time and tool slots. 

Kashan and Karimi (2009) proposed a discrete PSO algorithm to tackle the problem of optimal 

assignment of jobs to machine to minimize the makespan time. Fauadi and Murata (2010) 

addressed binary particle swarm optimization algorithm to optimize simultaneous machines and 

AGVs scheduling process with make span minimization function. 

 
 

3. Operating Environment 
 

This paper addresses the problem of scheduling a system in agile manufacturing. The system 

comprises two stages: machining and assembly. The first stage consists of a flexible machine 

capable of producing a variety of parts. Machined parts are assembled in prescribed orders to 

manufacture a range of modular products at the second stage, which consists of two or more 
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identical assembly stations. The manufacturing system under consideration is depicted in Figure 

1. 
 
Stock Parts Finished Products 
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Figure 1: Depiction of the manufacturing system under consideration 
 

Kusiak (1989) developed a digraph notation to graphically represent the precedence relations that 

govern the order of assembling parts to form subassemblies and final products. Figure 2 show 

digraphs for two types of products: simple and complex. A simple product digraph (Figure 2a) 

contains no more than one assembly node in any assembly level. On the other hand, a complex 

product digraph contains at least two assembly nodes in at least one assembly level. Figure 2b, 

P1, P2, P3, and P4 represent part machining operations, while A1, A2, and A3 are assembly 

operations. P1 and P2 are assembled at A1, while P3 and P4 are assembled at A2. A3 is the final 

assembly operation resulting in the final product. 
 
 

P1 
 P1 
 

A1   

 A1 P2   
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P3 
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Figure 2: Examples of digraphs for (a) a simple product and (b) a complex product. 
 
 

3.1 Problem Definition 
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The problem of scheduling products in agile manufacturing can be stated as follows: 
 

“To minimize the make span, i.e., the maximum completion time of all operations, leading to 

fastest deliveries to customers”. 

 
 

3.2 Assumptions 
 

The following assumptions are made in scheduling products of agile manufacturing:  
 

Machining operation times and assembly operation times are deterministic.  
 

At most one part is machined in the first stage of the system at any time.  
 

At most one assembly operation is performed on any assembly station at any time.  
 

Only one assembly station is allowed to work on any assembly operation at any time.  
 

Preemption of machining or assembly operations is not allowed  
 

There is unlimited storage area between the machining stage and assembly stage and 

among assembly stations. 
  

Setup times and handling times are included in the machining and assembly times. 
 

 

4. Particle Swarm Optimization Algorithm 
 

PSO algorithm is a recently proposed algorithm by Kennedy and Eberhart in 1995 motivated by 

social behavior of organisms such as bird flocking and fish schooling. Swarm is initiated 

randomly with particles and evaluated to compute fitness’s together with finding the particle best 

(best value of each individual so far) and global best (best particle in the whole swarm). Initially, 

each individual with its dimensions and fitness value is assigned to its particle best. The best 

individual among particle best swarm, with its dimension and fitness value is, on the other hand, 

assigned to the global best. Then a loop starts to converge to an optimum solution. In the loop, 

particle and global bests are determined to update the velocity first. Then the current position of 

each particle is updated with the current velocity. Evaluation is again performed to compute the 

fitness of the particles in the swarm. This loop is terminated with a stopping criterion 

predetermined in advance. The procedural steps of proposed PSO algorithm are described below. 

 
 

Step 1: Initialization  
 

Set iteration counter = 0; m= twice the number of dimensions. 
 

Generate m particles randomly {Xi
0
, i=1,…,m}.  
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Generate initial velocities of particles randomly 

{Vi
0
, i=1,…,m}. 

 

Evaluate each particle in the swarm using the objective function (fi) where 

i=1,…,m such as total weighted tardiness of single machine scheduling. 
 

For each particle in the swarm, set PBi
0
 = Xi

0
 along with its best fitness value, 

fi
pb

=fi
0
, for i=1,…,m. 

 

Find the best fitness value fi
0
 = min{fi

0
} for i=1,…m with its corresponding 

position Xi
0
. 

 

Set global best to GBi
0
 = Xi

0
 within its fitness value f

gb
 = fi

0 
  

Step 2: Update iteration counter 
 

k = k+1 
 

Step 3: Update velocity 
 

vij
k
 = vij

k-1
 + c1R1(pbij

k-1
 – xij

k-1
) + c2R2(gbij

k-1
 – xij

k-1
) 

 

Step 4: Update position 
 

xij
k
 = xij

k-1
 + vij

k 

 

Step 5: Update personal best 
 

Each particle is evaluated by using its sequence to see if personal best will improve. If 

fi
k
 < fi

pb
 for i = 1,…,m, then personal best is updated as PBi

k
 = Xi

k
 and fi

pb
 =fi

k
 for 

i=1,…,m. 
 

Step 6: Update global best 
 

Find the minimum value of personal best. 
 

fi
k
 = min {fi

pb
}for i=1,…,m. 

 

If fi
k
 < fi

pb
, then the global best is updated as 

 

GB
k
 = Xi

k
 and f

gb
 = fi

k 

 

Step 7: Stopping criterion 
 

If the number of iteration exceeds the maximum number of iterations then stop, 

otherwise go to step 2. 

 
 
 
 
 

 

5. The Experiment 
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The performance of the algorithms developed in this paper is compared to that of the heuristics 

developed by He and Babayan (2002) in a designed experiment. The heuristics proposed by He 

and Babayan (2002) are treated as one overall heuristic. This is achieved by running all of the 

heuristics and then choosing the best resulting schedule as the heuristic algorithm (HA) schedule. 

Two measures (responses) are chosen to evaluate the performance of PSO algorithm. The two 

measures are the percentage deviation from the lower bound (DLB) and the frequency of 

resulting in the best schedule (FBS). Overall, ten response values are recorded for every instance 

considered. 
 

The experiment varies three factors: the number of part nodes in a digraph (A); the 

complexity of a digraph (B); and the ratio of average machining time per part to average 

subassembly time per subassembly operation (C). The fixed effects 2
3
 factorial designs are 

utilized (2001). Two levels (low and high) are specified for every factor, as summarized in Table 
 
1. The levels of factors A and C are quantitative, while the levels of factor B are qualitative. 

Higher complexity is realized by three attributes: more subassembly nodes; more assembly 

levels; and loss of symmetry in the digraph. The number of identical assembly stations is fixed at 

two during experimentation. 
 

The 2
3
 experiment requires eight runs, each representing a unique factorial combination. 

For each run, 100 instances of the scheduling problem were randomly generated resulting in a 

total of 800 instances for the whole experiment. For the same run, what differentiates an instance 

from another are the machining and assembly time sets, which were initially generated from 

discrete uniform distributions in the ranges of (2, 25) and (1, 30), respectively. Following that 

initial step, the machining and assembly time sets were either scaled up or down to reach the 

desired level of factor C, 1/2 or 2. The instances were scheduled five times using the PSO 

algorithm. Then, the two responses were computed for every algorithm. 
 

Table 1: Factor levels for the 23 factorial experiments 
 

 
FACTOR 

 LEVELS 
 

LOW 
 

HIGH    

 A: Nodes 16  32 

 B: Digraph complexity 2 assembly levels  3-4 assembly levels 

 C: Machining to time 
0.5 

 
2.0  

assembly ratio 
 

    

6. Results and Discussion     
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Table 2 shows the FBS and the average DLB for the ten responses in the eight experimental runs. 

The best values achieved in each run are bold. If a schedule is equal to the lower bound (DLB = 

0), then this schedule is optimal. The proposed PSO algorithm is used to find the optimal 

solution. The PSO algorithm is coded in the VC++ language. The computing system used is a 

Pentium IV processor, 2.66GHz and 512MB RAM. 
 

Table 2: Results in averages and frequencies for 100 instances per run 
 

Run 
Factor  

Run 
 

FBS (Out of 100) 
 

Average DLB 
 

Levels     
          

#     Label          

A B 
 

C HA GGA GSA PSO HA 
 

GGA GSA PSO     
               

1 16 L  ½ (1) 12 87 93 96 6.11  1.72 1.66 1.51 
               

2 32 L  ½ a 7 45 87 94 2.63  0.73 0.36 0.29 
               

3 16 H  ½ b 4 80 87 93 6.01  1.40 1.35 1.27 
               

4 32 H  ½ ab 0 42 89 95 3.76  0.85 0.38 0.34 
               

5 16 L  2 c 100 100 100 100 0  0 0 0 
               

6 32 L  2 ac 100 100 100 100 0  0 0 0 
               

7 16 H  2 bc 100 100 100 100 0  0 0 0 
               

8 32 H  2 abc 100 99 100 100 0  0.01 0 0 
               

 

 

The proposed PSO algorithm outperform HA, GGA and GSA algorithm when C = 1/2. For 

example, in Run 3, FBS increases from 4 obtained by HA to 93 obtained by PSO algorithm and 

the average DLB falls from 6.01% obtained by HA to 1.27% obtained by PSO algorithm. Almost 

all algorithms achieve optimal schedules when C = 2. This may be attributed to the fact that 

when C = 2, there is much more load on the single machine (stage one) than that on the assembly 

stations (stage two), leading, in most cases, to the reduction of the scheduling problem to that of 

a manufacturing system with a single machine in stage one and a single assembly station in stage 

two. This is an easy scheduling problem, for which an optimal scheduling method was developed 

by Kusiak (1989). For the first four runs, the overall average DLB for HA, GGA, GSA and PSO 

are 4.626, 1.173, 0.938 and 0.8525 respectively, while the total FBS are 23, 254, 356 and 378 

respectively. Result show that the PSO algorithm outperform than all other algorithms. 
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7. Conclusions 
 

In this paper, PSO algorithm was developed to schedule products in agile manufacturing, with 

the objective of minimizing the makespan. The manufacturing system studied consists of 

machining and assembly stages. The performances of the proposed metaheuristics are evaluated 

with benchmark problem He and Babayan (2002) in a designed experiment. The results of the 

proposed metaheuristics are compared with existing algorithms such as genetic algorithm and 

simulated annealing algorithm. The higher the ratio of average machining time per part to 

average subassembly time per subassembly in a digraph (C), the better the chance that an optimal 

schedule is found. It is noted that all algorithms investigated obtained the optimal schedule when 

C was equal to two (with the minor exception of GGA). The PSO algorithm yielded better results 

among the various metaheuristic techniques. 
 

For further research, some of the assumptions made in this paper may progressively be 

relaxed and scope can be widened. This paper can also be extended by studying the same system 

structure but with sequence-dependent set up times, or studying a system with the structure of a 

flow shop in the first stage and multiple assembly stations in the second stage. 
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