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   록

웹 서버나 데이터베이스 서버와 같은 컴퓨터 서버들은 연속 으로 리퀘스트 스트림을 받는다. 

이런 서버들은 유 들에게 최선의 서비스를 제공하기 해 리퀘스트들을 스 링하여야 한다. 

이 논문은 분할 가능 리퀘스트들을 스 링할 때 총 스트 치를 최소화하기 해 혼합 유 자 

알고리즘을 제안한다. 리퀘스트의 스트 치는 리퀘스트가 시스템에 머무는 시간에 한 반응 

시간의 비율로 정의된다. 혼합 유 자 알고리즘은 유 자 알고리즘의 활용과 탐구 능력를 

개선하기 해 시드 선택과 개발의 아이디어를 도입하 다. 혼합 유 자 알고리즘과 유 자 

알고리즘의 성능을 비교하기 하여 범한 컴퓨터 실험이 실행되었다.

ABSTRACT

Many servers, such as web and database servers, receive a continual stream of requests. 

The servers should schedule these requests to provide the best services to users. In this 

paper, a hybrid genetic algorithm is proposed for scheduling divisible requests without 

interruption in which the objective is to minimize the total stretch. The stretch of a request 

is the ratio of the amount of time the request spent in the system to its response time. 

The hybrid genetic algorithm adopts the idea of seed selection and development in order 

to improve the exploitation and exploration power of genetic algorithms. Extensive 

computational experiments have been conducted to compare the performance of the hybrid 

genetic algorithm with that of genetic algorithms.
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1. Introduction

In the last decade, the problem of schedul-

ing flows of divisible requests (jobs) without 

interruption in a flow manufacturing line has 

received an increasing amount of attention by 

several researchers. It can be viewed as the 

no-wait lot-streaming flow shop scheduling. 

Traditionally, the focus of performance meas-

ure has been on the maximal completion time 

and the flow time. Alternatively, practitioners 

have used stretch to measure the effect of 

scheduling on a job [3]. The stretch of a job 

formally is defined as the ratio of its flow time 

to its request (processing) time [1]. The 

stretch measure relates the jobs’ waiting 

times to their processing times, and may re-

flect users’ psychological expectation that, in 

a system with highly various job sizes, users 

are willing to wait longer for larger jobs [12]. 

Since the problem of minimizing the total 

stretch with different job release times is 

NP-hard even for a single machine, the com-

putational effort to solve an instance of a 

problem grows remarkably quickly as the 

number of jobs increases [14]. Thus, for large 

size scheduling problems, it is necessary to 

consider meta-heuristic methods such as ge-

netic algorithms (GAs), simulated annealing, 

and tabu search [7, 15]. 

This paper presents a solution method-

ology for an -job, -machine no-wait 

lot-streaming flow shop scheduling problem 

in which the objective is to minimize the total 

stretch. Following the literature review in the 

next section, the problem and notations are 

defined in section 3. By adopting new genetic 

operators (seed selection and development), a 

hybrid genetic algorithm (HGA) is proposed 

to solve the problem in section 4. In section 

5, the results of extensive computational ex-

periments comparing HGA and GA are pro-

vided. Finally, a summary of main results and 

conclusions are provided in Section 6.

2. Literature Review

Lot-streaming is the process of splitting a 

job (lot) into sublots to allow the overlapping 

of operations between successive machines in 

a multi-stage production system. These ben-

efits include reduction of production lead 

times, reduction of work-in-process in-

ventory and costs, reduction of interim stor-

age and space requirements, reduction of ma-

terial handling system capacity requirements, 

and improvement of product delivery. An ex-

tensive review of research in this area is pre-

sented in [4, 5].

Pan et al. [13] propose a local-best har-

mony search algorithm with dynamic sub-

harmony memories for a lot-streaming flow 

shop scheduling problem with equal-size 

sub-lots to minimize the total weighted ear-

liness and tardiness penalties. Edis and Ornek 

[8] address a single-product multistage sto-
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chastic flow shop problem with consistent 

sublot types and discrete sublot sizes to mini-

mize the makespan. They propose a heuristic 

algorithm that is combination of simulation 

and tabu search. Feldmann and Biskup [9] ad-

dress the multi-stage flow shop problem with 

sublots that are allowed to intermingle by 

standard optimization software. They present 

a mixed integer programming formulation to 

find optimal sublot sizes and the optimal se-

quence simultaneously. Chiu et al. [6] present 

a general mathematical programming model 

to solve a lot streaming problem in multistage 

batch production systems in which trans-

portation activities are involved. They devel-

op two heuristic procedures to solve the 

mathematical programming model. Wong et 

al. [16] address a resource-constrained as-

sembly job shop scheduling problem with lot 

streaming technique to minimize total late-

ness. They propose a particle swarm opti-

mization to solve the problem.

3. Minimization of the Total 

Stretch in the -job, 

-machine no-wait flow Shop 

with Equal-size Sublots

There is a set of jobs    ⋯   

that has to be processed on   machines in 

series. Job   is available at the release time 

τj and requires the processing time   on ma-

chine . Each job   can be divided into the 

number of sublots . Let   (=   /) be 

the sublot processing time of job   on machine 

, and   represent the completion time 

of sublot   of the th job on machine . Let 

     ⋯. Then the total stretch 

is defined as ∑       . For a 

given sequence σ, the problem can be for-

mulated as follows:

minimize  






 
         (1)

Subject to

  ≥  ,   (2)

     for    ⋯     ⋯ 

  ≥              (3)

     for    ⋯     ⋯ 

           ⋯       

   ,              (4)

     for    ⋯     ⋯ 

           ⋯       

 ≥                (5)

     for    ⋯ 

Constraint set (2) states the relationships 

between completion times of adjacent jobs on 

each machine and assures that a machine can 

process at most one job at the same time. 

Constraint set (3) provides the relationships 

between completion times of adjacent sublots 

in each job. That is, each machine can process 

at most one sublot at the same time. Con-

straint set (4) insures that once a sublot is 
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released from a machine, its processing on the 

downstream machine begins immediately. 

Constraint set (5) states that all jobs are 

available at their release times.

4. Hybrid Genetic Algorithm 

(HGA)

GAs are search algorithms based on the me-

chanics of natural selection and natural 

genetics. Unlike most algorithms that start 

with a solution, GAs start with a collection 

(population) of solutions (individuals). With the 

survival of the fittest philosophy, GAs select 

individuals in a population to form a gene pool 

according to their fitness values. Individuals 

in the gene pool are randomly mated to become 

couples and each couple goes through the 

crossover and mutation processes to produce 

two solutions (offspring). These offspring be-

comes the population of the next iteration 

(generation). The population size remains fixed 

in all generations and the process continues 

until a predetermined termination criterion is 

satisfied [2].

HGA is a GA-based heuristic method which 

incorporates seed individuals and development 

processes. HGA uses a permutation repre-

sentation for individuals (sequences), where 

a sequence of   jobs is defined by a permuta-

tion of integers  ⋯  . Most individuals 

of an initial population are generated randomly. 

To generate the rest of the initial population, 

the seed selection process is used. The seed 

selection process is based on rules to generate 

initial sequences and neighborhood search 

methods. The initial sequences are generated 

by the shortest release time (SRT), the short-

est processing time on the first machine 

(SPTF), and the shortest total processing 

times (SPTT). The initial sequence    

 ⋯   can be obtained as follows:

For    ⋯ 

SRT :     ≤  

SPTF :  ≤ ,

SPTT : ∑    ≤∑   ,

The initial sequences are modified by the 

neighborhood search methods such as the 

non-adjacent pairwise interchange (NAPI), 

the extraction and forward shifted reinsertion 

(EFSR), and the extraction and backward 

shifted reinsertion (EBSR). NAPI switches 

two jobs in a sequence. EFSR and EBSR 

choose two jobs and move a job in the front 

just after another job (EFSR) or a job in the 

back just before another job (EBSR) in a job 

sequence. Use of randomly generated in-

dividuals and seed individuals enhances 

search for unbiased sampling of the space, 

which provides robust exploitation of the cur-

rent solutions, and exploitation of good quality 

of solutions.



 총 스트 치 최소화를 한 분할 가능 리퀘스트 흐름 스 링  83

Individuals in the population have been 

evaluated by the fitness values that can be 

obtained by several methods. Two methods 

are mostly used in the literature [11]: fitness 

value by normalization () and fitness val-

ue by rank (). These can be obtained as 

follows:

  

 
,

for    ⋯ 

where  ,   and   are the maximum, 

minimum and average objective values in the 

current population, respectively, and   is 

the objective value of individual  . In the 

ranking procedure, the population is sorted by 

a descending order of objective function 

values. The first individual in the order has 

fitness value of one, the second one has fit-

ness value of two, and so on.

Individuals with their fitness values are se-

lected to form the mating pool by using the 

stochastic remainder selection procedure 

without replacement. To determine the ex-

pected number of copies of individual    

   ⋯   in the mating pool,   can be 

calculated as follows:

 




 ,

where   is the fitness value of in-

dividual     ⋯  . If   is non-in-

teger, for some  , then only⌊⌋copies of 

individual   are assigned to the mating pool, 

and additional individuals need to be selected 

from the current population. Bernoulli trials 

(weighted coin tosses) with success proba-

bilities  –⌊⌋  are performed 

to individual     ⋯  , one by one until 

the mating pool is full. When individual  , 

   ⋯  , is selected,   is reduced to 0.

Individuals in a mating pool are mated 

randomly go through crossover and mutation 

process. HGA uses the partially matched 

crossover (PMX) for crossover [10]. Under 

PMX, two crossover points are picked at 

random. The genes between the points are 

swapped and used to construct the match 

table. According to the match table, the 

genes before the first and after the second 

crossover points are exchanged if the gene 

has the same value (allele) in the table. The 

process to construct the table is explained 

below. For example, suppose that   and   are 

the individuals chosen for crossover such that 

          and          , 

and the two crossover points are 2 and 6. 

First, the genes between two crossover 

points are swapped (2, 7, 4, 3 of A and 6, 2, 

4, 1 of B). Second, the genes in the same po-

sitions (loci) between two crossover points 

are compared to construct the match table. 

The comparison (2↔ 6, 7↔ 2, 3↔ 1) results 

in the match table (7↔ 6, 3↔ 1). According 

to the table, if genes have the value 7, 6, 3, 
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<Figure 1> HGA cycle

and 1, they are exchanged into 6, 7, 1, and 

3, respectively. Thus, the resulting individuals 

by PMX are ′  = (7 5 6 2 4 1 3) and  ′  = 
(5 1 2 7 4 3 6). HGA adopts the adjacent swap 

method for the mutation process, in which a 

job is exchanged with the next job in the job 

sequence. If the last job is to be mutated, it 

is exchanged with the first job in the job 

sequence.

GAs propagate the characteristics of high 

fit individuals to the next generation by giving 

high probability of selection to these in-

dividuals, but sometimes it may produce domi-

nance of high fit individuals in the early gen-

erations (premature convergence). On the con-

trary, restraining the maximum number of cop-

ies of high fit individuals in the selection process 

in order to reduce the chance of premature con-

vergence, may cause the loss of GA search 

power. This contradiction could not be solved 

by traditional GAs. HGA is proposed to over-

come this problem by applying NAPI to the 

least fit individual after the stochastic re-

mainder sampling without replacement.

<Figure 1> shows the cycle of HGA. The 

development process and adoption of seed in-

dividual are new in order to reduce the pre-

mature convergence of GAs. 

5. Computational Study

HGA and GA were coded in Visual FORTRAN 

and ran on an Intel Core i7 CPU@3.4 GHz PC. 

Since no sample problems were found in the 

literature that could be used as a benchmark 

for testing the proposed HGA, the test prob-

lems were generated randomly. Release times, 

processing times of jobs, and the number of 

sublots per each job, were generated accord-

ing to the integer uniform distributions pro-

vided in <Table 1>.



 총 스트 치 최소화를 한 분할 가능 리퀘스트 흐름 스 링  85

Data Value

Number of jobs 5, 7, 10, 15, 20, 30

Number of machines 2, 3, 4, 5

Number of sublots (NT) Uniform(1, 6)

sublot processing times (SP) Uniform(1, 31)

Job processing times NT×SP

Job release times Uniform(1, 6)

<Table 1> Data Used to Generate Test 

Problems(all Data are Integers)

The experiments were divided into two 

parts: a preliminary test and a main test. Since 

the performances of GA and HGA are influ-

enced by several control parameters, the pre-

liminary test is necessary to determine the 

best set of parameters for each algorithm. In 

the preliminary test, five test problems of dif-

ferent sizes were generated according to all 

combinations of number of jobs and number 

of machines provided in <Table 1>. Each 

problem was solved by both algorithms with 

different combinations of control parameters. 

The control parameters of GA such as he fit-

ness function, the population size (PPSZ), the 

number of generations (XGEN), the crossover 

rate (), and the mutation rate () are in-

vestigated in the preliminary test. The control 

parameters of HGA are the fitness function, 

the number of seed individuals generated for 

an initial population (Ns), PPSZ, XGEN, , 

and   that provide the best performance. 

The best choices of the control parameters for 

GA are the stochastic remainder selection 

procedure without replacement, the fitness 

function by rank, a population size of 100, a 

total of 100 generations, PMX with a cross-

over rate of 1.0, and the adjacent swap method 

with a mutation rate of 0.01. The best choices 

of the control parameters for HGA are he sto-

chastic remainder selection procedure without 

replacement, the fitness function by rank, a 

population size of 100, a total of 100 gen-

erations, a total of 10 seed individuals, a 

crossover rate of 1.0, and a mutation rate of 

0.01. These parameters were used in the main 

test.

The test problems for the main test were 

generated in a similar way. Ten different test 

problems were generated for each problem 

size. For small size lot-streaming flow shop 

problems (5 and 7 jobs and 2～5 machines), 

the results of the HGA were compared with 

the optimal solutions obtained by exhaustive 

search. HGA achieved optimal solutions for 

all eighty small size problems. HGA was also 

applied to medium size (10 and 15 jobs and 

2～5 machines) and large size (20 and 30 jobs 

and 2～5 machines) problems. To evaluate the 

performance of HGA, the solutions obtained 

by HGA were compared with those provided 

by GA. The results of HGA and GA for me-

dium and large size problems are shown in 

<Table 2>. Based on these results, HGA pro-

vides 3.94, 7.54, 10.46 and 12.30% improve-

ments, on the average, for 10, 15, 20, and 30 

jobs, respectively, in regard to GA.
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No. of Jobs No. of machines
GA method HGA method %Dev

(zg-zh/zg)×100Avg. obj. value (zg) Avg. obj. value (zh)

10

2 4.67 4.34 7.15

3 4.58 4.38 4.36

4 4.65 4.55 2.15

5 4.86 4.76 2.07

15

2 7.13 5.90 17.30

3 6.60 6.28 4.80

4 6.87 6.45 6.12

5 6.28 6.15 1.95

20

2 8.65 6.94 19.81

3 8.04 7.63 5.09

4 8.44 7.65 9.36

5 8.27 7.65 7.56

30

2 11.68 10.11 13.43

3 12.54 10.27 18.11

4 12.04 11.17 7.26

5 12.22 10.95 10.41

Average 7.97 7.20 8.56

<Table 2> Results for Medium and Large Size Problems

6. Conclusions

In this paper, HGA has been proposed to 

lessen the premature convergence of GAs and 

maintain the search power by adopting the 

seed selection and the development process. 

By these new processes, HGA restrains the 

high fitness individuals from dominating pop-

ulations in early generations. Extensive com-

putational experiments have been conducted 

to compare the performance of HGA and that 

of GA. These results show that the average 

improvement of HGA over GA is 8.56% for 

medium to large size problems.
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