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Abstract 

This paper proposes an improved simulated annealing particle swarm optimization 
algorithm for particle swarm optimization, and apply it in solving the scheduling problem of 
permutation flow shop and no-wait flow shop. In the process of solving the problem of 
permutation flow shop, given that the simulated annealing algorithm has a strong local 
Expand the search ability, can jump out of the local optimum, the annealing strategy is 
embedded in the population particle update process, constitute the simulated annealing 
particle swarm optimization, by optimizing the population of the optimal solution, the 
particle swarm optimization is limited by a local optimal In the process of optimization, 
three kinds of neighborhood search mechanisms of exchange, insertion and reverse order 
are adopted. The resulting solutions are selected according to the Metropolis acceptance 
criterion. The improved algorithm is used to solve the mathematical model of the 
replacement flow shop. 
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1. Introduction 

Particle swarm optimization is a population-based intelligent optimization algorithm, which adopts 

multi-point simultaneous search. The particles in different populations interact with each other and the 

convergence speed is fast. It is easy to implement and does not need to adjust too many parameters and 

is widely used in the adjustment of production activities. Particle swarm optimization is easily trapped 

in the local optimal predicament. The Simulated Annealing Algorithm (SA) was proposed by 

Metropolis in 1953. After continuous improvement research, Kirkpatric firstly introduced the 

simulated annealing algorithm to solve the optimal combinatorial problem in the 1980s. The algorithm 

solves the problem of optimal combination by changing the temperature To control the progress of the 

algorithm. According to the Metropolis acceptance criterion update, mainly to search the local range, 

researchers have been NP-hard, artificial intelligence, pattern and image processing, optimization 

combination, signal processing and other fields . 

Simulated annealing Particle swarm optimization (PSO) is to introduce simulated annealing algorithm 

into the iterative process of particle swarm position and velocity. The iterative process is changed 

regularly so that the algorithm departs from the original process. By using the local search ability of 

simulated annealing algorithm and getting rid of the local The optimal characteristics make up for the 

shortcomings of particle swarm optimization, and make the improved algorithm have strong ability to 

solve the problem. How to effectively combine the two has become a research hotspot. The main 

research in this paper is how to combine the two effectively to solve the scheduling problem of 

displacement flow shop. 
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2. An Overview of Displacement Flowshop Scheduling Problem 

Displacement flow shop scheduling is one of the most widely studied problems in assembly line 

production scheduling. It is a simplified model for many assembly line manufacturing enterprises , 

which has high industrial application value. Although the process of replacing process flow shop is 

relatively simple, When the number of machines is more than 3, it becomes a typical NP-hard problem. 

Therefore, the research of the replacement flow shop scheduling problem has been a hot topic in the 

field of scheduling. For the size of a flow shop which is , the number of all feasible solutions is 

. However, for a replacement flow shop of the same size, since all the processes must be sorted 

on all machines in the same order, the number of all feasible solutions becomes , for the flow shop 

scheduling Just a condition will make the problem a lot less complex. 

Displacement flow shop scheduling model is a simplified model of flow shop scheduling, requiring all 

processes to be sorted on all machines in the same order. It can be described as follows: workpieces 

are machined on the machine in the same order and the workpieces must pass through 

the m machines  . The processing time of the workpiece i on the machine is 

definite, and the processing order of the workpieces on all the machines must be the same, and the 

following constraints are met: Only one workpiece can be processed on any one machine. Two 

workpieces can not be machined at the same time. Can follow the production process on a machine for 

processing can not be processed on both machines at the same time; to ensure the performance of the 

machine running well without failure; only consider the processing time of the workpiece on the 

machine, ignore the other time; the workpiece must be completed a process can start the next process. 

For the scheduling objectives can be intuitively represented by Gantt chart must ensure that all parts of 

the workpiece in all machines must be processed in the same order, for the scale  of the 

replacement flow shop scheduling goals as shown in Fig.1. 

 
Fig.1 Replacement Gantt chart of the flow shop 

The goal of scheduling is to determine the order in which the workpieces are machined so that the final 

completion time is minimized, usually number of workpieces, number of machines, replacement flow 

and completion time are expressed in quaternary terms , which is described 

mathematically as follows: 

;                                                (1) 

                                            (2) 

                                 (3) 

        (4) 

Scheduling goals are: 
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                                                        (5) 

Which  represents the completion of the workpiece i on the machine . indicates that 

the completion time is the completion time of the last job on the last machine. 

The main objective of this article is based on minimizing the maximum completion time, which is one 

of the most common scheduling objectives, the shorter the maximum completion time, the higher the 

utilization of equipment, the short production cycle and the production of more products in a certain 

period of time , Optimize the production structure of enterprises and enhance the profits of enterprises. 

3. Improved Simulated Annealing Particle Swarm Optimization 

3.1 The Basic Process 

The basic principle of simulated annealing particle swarm algorithm is to combine the characteristics 

of particle swarm optimization and simulated annealing algorithm. The specific algorithm steps can be 

described as follows: 

Step1: Initialize the control parameters. Population Initialization: In order to control the effect of the 

initial population on the algorithm, a small part of the population initialization process will be adjusted. 

The specific process will be introduced below. The parameters of inertial acceleration factor, 

self-awareness and social cognition are set, simulated annealing Cooling schedule. 

Step2: Obtained the fitness of each particle according to the objective function. 

Step3: Select the population of the optimal particle swarm as the annealing solution of the initial 

solution. 

Step4:Local search of new solutions, selection according to Metropolis acceptance criteria, repeated L 

times. 

Step5: Use the cooling schedule to cool the temperature to determine whether to meet the termination 

conditions, if satisfied, skip to Step6, otherwise continue to Step4. 

Step6: The updated particle is brought into an updated formula for particle velocity and position to get 

new particle position and velocity information. 

Step7: Observe if the termination condition is satisfied, and if yes, output the optimal solution; 

otherwise, return to Step2 to recalculate. 

3.2 Local Search Strategy 

It is found through practice that although particle swarm optimization has a strong capability of 

expanding search space, the algorithm can easily fall into the local optimum in the late iteration, the 

evolution speed obviously drops, and even the algorithm evolution ceases. Therefore, the simulated 

annealing algorithm Better local search ability to overcome this flaw. Simulated annealing algorithm 

usually adopts the way of real number coding, which is a discrete intelligent optimization algorithm. 

Particle swarm optimization is based on particle swarm optimization and particle swarm optimization 

algorithm. Particle swarm optimization algorithm is based on particle swarm optimization (PSO) 

algorithm. In this paper, the new solution to the simulated annealing algorithm is generated by using 

three kinds of local search mechanisms: exchange method, interpolation method and reverse order 

method. When the local search mechanism is used, the position of the particles is directly changed 

locally to generate a new scheduling solution. For example, Particles can be expressed as 

a direct search of the local search mechanism for each dimension of the vector, 

the change is mapped to the scheduling scheme. Although the ultimate goal is to search the scheduling 

scheme locally, if the local search of the scheduling scheme is adopted, the adjustment process needs 

to be transformed into the population by the anti-coding method, and the local searching mechanism of 

the process relative to the particle location is relatively complicated. Therefore, This article is not 

suitable for the use of local search results scheduling. 
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4. Simulation 

4.1 Lab Environment 

In order to facilitate the programming, display the results of the algorithm, all the experiments in this 

paper are running in the version of matlab7.0, using matlab language, the same HP machine running 

under the same environment, the machine is configured for Win7 operating system, The processor is 

Intel i3, 2.10GHZ, video card size is 1G, memory size is 2G. 

4.2 Experimental parameters 

In the simulation experiment, we use the improved algorithms of insert, exchange and reverse order 

respectively to solve the car class and Taillard class with different scales, and compare them with the 

NEH algorithm and the unmodified PSO algorithm. 

The setting of the parameters in the algorithm has great influence on the effect of the algorithm. By 

consulting a large amount of literature and carrying out a simple experimental test, the parameters in 

the simulated annealing particle swarm optimization are set as follows: the initial temperature of the 

simulated annealing is set to be  . Take the cooling method , the number of 

iterations of the algorithm at each temperature  ; the termination temperature is the 

size of the population in the PSO , in order to make the algorithm have the ability to expand 

the search range in the initial stage, the inertia factor is updated by the following formula 

.The initial value of is 0.9 and  is 0.8, the acceleration parameter is set 

to the same number ; the iteration number of particle swarm algorithm is 300; each 

algorithm runs independently 10 times in order to ensure the fairness of results. 

4.3 Initialization of experimental values 

For the first step of large-scale simulated annealing particle swarm optimization algorithm, we need to 

generate the population first, and the selection of the population will determine the convergence speed 

of the particle swarm optimization algorithm. In the initial population, Heuristic algorithms are usually 

used to initialize the set population. The heuristic algorithms include the Palmer method, the Gupta 

method, the CamPleu-Dudek-Smith (CDS) method, the Rapid Access (RA) method and the 

Nawaz-Enscore-Ham Compared with other heuristics, NEH algorithm is superior to other heuristics in 

solving the scheduling problem of permutation flow shop. The NEH algorithm mainly determines the 

production priority through the total processing time of the workpiece, and has better performance. In 

this paper, we use NEH to realize one particle in the population, and the remaining particles will be 

randomly generated within the set range. 

4.4 Experimental results and analysis 

The results obtained after the algorithm is implemented are shown in Table 1. SPSO-SWAP represents 

the exchange-based simulated annealing particle swarm optimization algorithm, SPSO-INSERT, 

which represents the insertion-based simulated annealing particle swarm optimization algorithm. 

SPSO-INVERSE represents the reverse order based simulated annealing particle swarm optimization 

algorithm. MAX represents the upper limit of the algorithm, and MIN represents the best fitness after 

the algorithm is executed, that is, the minimum time required to complete the maximum completion of 

the algorithm, indicating the average of the algorithm, STD indicating the standard deviation of the 

algorithm, C * is the minimum. 
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Table 1 NEH Algorithm, PSO Algorithm and Three Improved Algorithm comparing 

problem Size C*
 NEH 

 
MAX MIN AVG STD 

TA001 20 5 1278 1381 
     

 
 

  
PSO 1378 1297 1302.3 7.51 

 
 

  
SPSO-SWAP 1370 1278 1287.7 26.84 

 
 

  
SPSO-INSERT 1351 1278 1285.5 10.06 

 
 

  
SPSO-INVERSE 1371 1278 1289.5 14.83 

TA002 20 5 1359 1458 
     

 
 

  
PSO 1435 1366 1370.7 10.11 

 
 

  
SPSO-SWAP 1420 1359 1366.9 7.42 

 
 

  
SPSO-INSERT 1389 1359 1362 5.35 

 
 

  
SPSO-INVERSE 1432 1359 1365.5 6.96 

TA003 20 5 1081 1213 
     

 
 

  
PSO 1213 1088 1116 23.27 

 
 

  
SPSO-SWAP 1213 1086 1099.9 33.90 

 
 

  
SPSO-INSERT 1213 1081 1098.7 22.31 

 
 

  
SPSO-INVERSE 1213 1088 1109.2 .2167 

TA004 20 5 1293 1488 
     

 
 

  
PSO 1488 1308 1329 22.79 

 
 

  
SPSO-SWAP 1477 1293 1318.4 31.73 

 
 

  
SPSO-INSERT 1480 1297 1313.7 24.04 

 
 

  
SPSO-INVERSE 1488 1296 1319.6 28.17 

TA005 20 5 1235 1381 
     

 
 

  
PSO 1381 1250 1295.5 18.09 

 
 

  
SPSO-SWAP 1376 1235 1242.8 18.8 

 
 

  
SPSO-INSERT 1359 1235 1241 16.39 

 
 

  
SPSO-INVERSE 1338 1235 1247.9 18 

TA006 20 5 1195 1385 
     

 
 

  
PSO 1364 1195 1214.2 21.85 

 
 

  
SPSO-SWAP 1314 1195 1209.3 15.81 

 
 

  
SPSO-INSERT 1379 1195 1200.1 14.89 

 
 

  
SPSO-INVERSE 1336 1195 1200.4 22.65 

TA007 20 5 1234 1360 
     

 
 

  
PSO 1360 1239 1258.9 12.81 

 
 

  
SPSO-SWAP 1360 1239 1251.6 13.92 

 
 

  
SPSO-INSERT 1352 1234 1243.7 11.33 

 
 

  
SPSO-INVERSE 1355 1234 1252.3 12.69 

TA008 20 5 1206 1401 
     

 
 

  
PSO 1401 1211 1255 18.52 

 
 

  
SPSO-SWAP 1389 1206 1217.9 24.17 

 
 

  
SPSO-INSERT 1330 1206 1220.9 18.57 

 
 

  
SPSO-INVERSE 1355 1206 1227.2 22.67 
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TA009 20 5 1230 1366 
     

 
 

  
PSO 1366 1230 1256.2 36.16 

 
 

  
SPSO-SWAP 1350 1233 1253.8 16.14 

 
 

  
SPSO-INSERT 1366 1230 1256 24.63 

 
 

  
SPSO-INVERSE 1366 1233 1243.2 21.33 

TA010 20 5 1108 1264 
     

 
 

  
PSO 1264 1111 1125.3 17.94 

 
 

  
SPSO-SWAP 1264 1108 1121.4 26.47 

 
 

  
SPSO-INSERT 1264 1108 1122.9 22.46 

 
 

  
SPSO-INVERSE 1255 1111 1121 22.46 

TA011 20 10 1582 1798 
     

 
 

  
PSO 1798 1610 1625.7 34.68 

 
 

  
SPSO-SWAP 1783 1593 1605.4 33 

 
 

  
SPSO-INSERT 1798 1583 1609.1 30.55 

 
 

  
SPSO-INVERSE 1798 1586 1608.9 33.96 

TA012 20 10 1659 1907 
     

 
 

  
PSO 1907 1691 1711.1 36.26 

 
 

  
SPSO-SWAP 1907 1659 1709.6 28.25 

 
 

  
SPSO-INSERT 1907 1659 1700 27.22 

 
 

  
SPSO-INVERSE 1807 1659 1689 29.63 

Car1 20 10 7038 8243 
     

 
 

  
PSO 7898 7038 7042.1 53.5 

 
 

  
SPSO-SWAP 7472 7038 7043 26.9 

 
 

  
SPSO-INSERT 7757 7038 7040 25.6 

 
 

  
SPSO-INVERSE 7756 7038 7046 27.8 

Car2 13 4 7166 8458 
     

 
 

  
PSO 8230 7166 7181.2 97.2 

 
 

  
SPSO-SWAP 7867 7166 7171 46.9 

 
 

  
SPSO-INSERT 8142 7166 7171 68.8 

 
 

  
SPSO-INVERSE 7968 7166 7176.6 69.9 

Car3 12 5 7312 8126 
     

 
 

  
PSO 8126 7312 7340.5. 55.9 

 
 

  
SPSO-SWAP 7747 7312 7328.3 65.6 

 
 

  
SPSO-INSERT 8126 7312 7318.7 44.6 

 
 

  
SPSO-INVERSE 7590 7312 7333.6 54.6 

From the above table, we can see that the improved algorithm of the three strategies and the original 

particle swarm optimization algorithm can solve the optimal solution to the small scale problem of car, 

while for the slightly larger TA class, three improvements Particle Swarm Optimization (PSO) shows 

better performance than the original Particle Swarm Optimization (PSO). For all problems, the optimal 

solution can be obtained from the known literature, which shows that the improvement of this paper is 

still more effective. In addition, Among the three kinds of local search strategies, the performance 

based on the inserted local search strategy shows the best performance, and the better optimal solution 

can be obtained every time. 
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5. Conclusion 

This paper first describes the problem of permuted flow shop scheduling, mathematically modeling it, 

followed by a brief introduction to the simulated annealing algorithm used to improve the particle 

swarm, and describes the process of improvement, using three kinds of local search mechanism to 

produce The results show that the performance of the simulated annealing particle swarm optimization 

algorithm is superior to the original particle swarm optimization algorithm, and it can solve the 

scheduling problem of the replacement flow shop well. 
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