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Abstract 

Simultaneous lot-sizing and scheduling problem is the problem to decide what products to be produced on which 

machine and in which order, as well as the quantity of each product. Problems of this type are hard to solve. 

Therefore, they were studied for years, and a considerable number of papers is published to solve different lot-

sizing and scheduling problems, specifically real-case problems. This work proposes a Real-Coded Genetic 

Algorithm (RCGA) with a new chromosome representation to solve a non-identical parallel machine capacitated 

lot-sizing and scheduling problem with sequence dependent setup times and costs, machine cost and 

backlogging. Such a problem can be found in real world production line at furniture manufacturer in Sweden. 

Backlogging is an important concept in this problem, and it is often ignored in the literature. 

This study implements three different types of crossover; one of them has been chosen based on numerical 

experiments.  Four mutation operators have been combined together to allow the genetic algorithm to scan the 

search area and maintain genetic diversity. Other steps like initializing of the population and a reinitializing 

process have been designed carefully to achieve the best performance and to prevent the algorithm from trapped 

into the local optimum. The proposed algorithm is implemented and coded in MATLAB and tested for a set of 

standard medium to large-size problems taken from the literature. A variety of problems were solved to measure 

the impact of different characteristics of problems such as the number of periods, machines, and products on 

the quality of the solution provided by the proposed RCGA.  

To evaluate the performance of the proposed algorithm, the average deviation from the lower bound and runtime 

for the proposed RCGA are compared with three other algorithms from the literature. The results show that, in 

addition to its high computational speed, the proposed RCGA outperforms the other algorithms for non-identical 

parallel machine problems, while it is outperformed by the other algorithms for problems with the more identical 

parallel machine.  

The results show that the different characteristics of problem instances, like increasing setup cost, and size of 

the problem influence the quality of the solutions provided by the proposed RCGA negatively. 

 

Keywords: Capacitated lot-sizing and scheduling problem, Real-Coded Genetic Algorithm; Backlogging, 

Sequence-dependent setups, Non-identical parallel machines. 
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 Introduction 

This chapter will describe what the lot-sizing and scheduling problems are, and the methods to solve 

them, as well as the goals of this work. 

1.1 Background 

Production plan in industry is an essential step before the actual production process starts, the main 

concerns here are the physical limitations and constraints in the production floor, especially machines 

availability and machine capacity as well as the times and costs for the production process.  

The first step of any production plan is to decide the lot-size of each product, lot size by definition is 

the production amount of specific product which is produced by a machine in a single production run. 

Lot-sizing problem deals with finding a good production plan for all products. A good production plan 

which is a solution resulted from solving the lot-sizing problem must be feasible and must consider 

the demand which must be fulfilled as well as the throughput and capacities of different machines. The 

goal could be minimizing the inventory cost, backorder cost, and other possible types of cost as well 

as production time. 

To determine the lot sizes of many products, another factor must be taken into the account which is 

the setup process that occurs when there is a changeover between two products in a row. 

The setup process for one product and the actual production of that product will be considered as one 

‘job’ since they are related and there is no interruption between them. Those ‘jobs’ can be done 

randomly without a predefined order or can be done according to a schedule. The process of setting 

this schedule is called a scheduling process. In definition, the scheduling problem is concerned with 

assigning different jobs to one machine or more in a specific order.  Scheduling according to Bäck et 

al. (1997) is “devising a plan to carry out a number of activities over a period of time, where the activity 

requires limited resources, there are various constraints, and there is one or more objective to be 

optimized.” 

Scheduling problem is more critical when setup costs or times between different items are sequence 

dependent, that means setup costs or times are depending on the sequence in which the items are 

produced through different machines. Sequence dependency affects the total cost and time of the 
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production process. Therefore, it is critical when trying to optimize the production process to optimize 

the production plan, which includes lot-sizing decisions and production sequence.  

In the case of parallel machines that can perform different jobs, the scheduling problem must allocate 

each job to a specific machine and deciding the sequence for each machine.  

Lot-sizing and scheduling problem are interrelated, the interrelation between these two problems make 

it is essential to solve them simultaneously. 

1.2 Lot-sizing and scheduling problem 

Lot-sizing and scheduling problem are divided depending on the planning horizon into a big-bucket 

problem and small-bucket problem. Small-bucket problems allow at max one setup per period, while 

big-bucket problems allow many setups per period. 

The big-bucket problem can be divided into two main subproblems, general lot-sizing and scheduling 

problem (GLSP) and capacitated lot-sizing and scheduling problem with sequence-dependent setups 

(CLSD), in GLSP, each period is divided into small micro-periods in which at most one product can 

be produced. The lengths of those micro-periods are flexible and can be considered as decision 

variables (Copil et al. 2017). 

In CLSD, there are no micro-periods, but there is a limit on the maximum number of setups, at max N 

setups are allowed per period (where N is the number of products), and each product can be produced 

at most once per period. 

Both GLSP and CLSD problems can be divided based on the number of resources into a Single 

Machine Problem (SP) and Parallel Machine Problem (PM). In case of single machine problem, the 

objective is determining the production quantities and production sequence on that machine, while 

parallel machine problem involves bedside the production quantities and production sequence, 

products allocation on each machine, in another word, which product to be produced on which 

machine. 

Parallel machines can be either identical or non-identical.  Identical PM means that production time 

and setup time, as well as setup cost, are identical for all machines, while in case of non-identical 

parallel machines the costs and time can differ from one machine to another. Another difference 

between identical and non-identical PM problems is machine eligibility. In the case of non-identical 

PM, some machines may not be eligible to produce some types of products (Ruiz and maroto 2006). 
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In this project, the aim is to develop an efficient genetic algorithm to solve capacitated lot-sizing and 

scheduling problem with sequence-dependent setups (CLSD-PM) for a production floor with non-

identical parallel machines. This work can be used to solve a single machine problem (CLSP-SM) as 

a special case for the multi-machine problem.  

1.3 Goals 

The primary goal of this work is to develop an optimization algorithm which shall provide a tool to 

help people who arrange the production plan. The optimization algorithm will determine in advance 

what is the optimal or near optimal lot sizes in order to minimize the inventory level and backorders 

for all products. It will also provide a good feasible schedule for each product and each machine on a 

multi-machine production line, finding the best product-machine allocation, and which machine to use 

and which not with the aim of minimizing the total cost. 

1.4 Research gap 

The genetic algorithm has been widely used in the literature to solve different type of optimization 

problems related to production planning such as lot-sizing problem (Homberger, 2008; Xie and Dong, 

2002; Toledo et al. 2013), scheduling problem (Balin, 2011; Chaudhry and Drake, 2009), capacitated 

lot-sizing and scheduling problem for a single machine (Mohammadi and Ghomi, 2011; Mohammadi 

et al. 2011; Babaei et al. 2014), proportional lot-sizing and scheduling problem (Kimms, 1999), and 

general lot-sizing and scheduling problem (Furlan et al. 2015; Rohaninejad et al. 2015). A thorough 

search of the relevant literature did not yield any paper that used the genetic algorithm to solve CLSD-

PM problem with non-identical parallel machines. 

Despite the importance of the backlogging in real cases, just a few papers consider backlogging when 

solving CLSD problem. Therefore the main contributions of this work are to design an effective real-

coded genetic algorithm to solve CLSD problem with non-identical parallel machines and backlogs. 

The concept of machine cost is usually related to scheduling problem, most scheduling problems with 

parallel machine consider that all machine are available without cost and the number of machines is 

fixed, while few papers consider machine number as decision variable and the algorithm has to decide 

the number of machines based on the demand (Jiang and He, 2015). While in lot-sizing and scheduling 

problem machine cost is usually not considered, although it is important in some real case problem for 
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example, where a machine needs to be inspected or cleaned after each period. Therefore machine cost 

will be considered in this work. 

1.5 Thesis overview 

The first chapter is an introduction to lot-sizing and scheduling problem as well as the goal of this 

work. The second chapter provides a literature review on lot-sizing and scheduling problems as well 

as the principle of the genetic algorithm. Chapter 3 describe the methods used in this work. Chapter 4 

describes the case study. Chapter 5 introduces problem formulation. In chapter 6 the algorithm is 

described in detail with focusing on chromosome representation and how different genetic operators 

is applied. Experiments are carried out with different sets of problems to study the performance of the 

algorithm in chapter 7.  The proposed algorithm is compared with other algorithms in chapter 8. 

Finally, chapter 9 describes conclusions. 

 Literature review 

Lot-sizing and scheduling problem has been studied since the rise of mass production and industrial 

philosophy concept; several exact, heuristics, meta-heuristics approaches are used to solve this 

problem. A large number of papers have been published to solve the lot-sizing problem using heuristic 

or metaheuristic approaches in recent years (García, 2017). Therefore, it is hard to discuss them all. 

This chapter focuses mainly on related works that use GA to solve different types of lot sizing and 

scheduling problem, in addition to that some other works that use other type of heuristic has been 

discussed too. 

Lot-sizing and scheduling problem can be divided into three subproblems; Lot-sizing problem (LSP), 

which can be the focus when there is no setup between various products or the setup is not sequence-

dependent.  In this case, the main objective is to minimize the inventories and backorders while another 

objective can be maximizing the overall throughput of the production line. 

The second type is scheduling problem when the goal is to determine the job allocation and job 

sequence at each machine in a multi-machine environment. Scheduling problem can be divided into 

two main subproblems: flow shop scheduling and job shop scheduling. In the flow shop problem a set 

of machines are arranged serially, and each job is processed on multiple machines in a predefined 

machine order (Ribas et al. 2010). While In the job shop problem a job can be processed through 

different machines in any order (Balin, 2011). 
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The third type of problem is solving lot-sizing and scheduling problem simultaneously. It is common 

in the literature to solve lot-sizing and scheduling problem simultaneously when setup times or setup 

costs are considered. The main objective here depends on the problem, the common objectives besides 

minimizing the cost of inventories and backorders are minimizing the setup cost by suggestion the 

optimal or near optimal schedule and lots of products and maximizing throughput by optimizing the 

setup time. 

2.1 Characteristics 

Considering the large number of publications about Lot-sizing and scheduling problem, there are many 

types of this problem based on many characteristics, which affect the complexity of the problem. The 

most important characteristics used in the literature (Gicquel et al. 2008; García, 2017; Copil et al. 

2017) to draw a classification scheme are presented below. 

Capacitated:  the problem is capacitated if the machines and other resources in the production floor 

have constraints like limited capacities, it also means that to change from one product to another a 

setup is required (Gicquel et al. 2008). 

Otherwise, If the constraints are ignored when solving the problem and production resources are 

flexible, then it is incapacitated problem.  

 

Setup time:  setup time is sequence-dependent when it differs from one product to another based on 

the preceding product on the same machine. Otherwise, it is independent when all setup operations 

take the same time, or the differences are too small so that it can be ignored.  Mohammadi et al. 

(2010a), Ramezanian et al. (2013) along with others have solved problems with sequence-dependent 

setup time.  

While Toledo et al. (2013) have solved the lot-sizing problem with independent setup time. 

Another type of setup time is product-dependent setup time when the time needed for a setup operation 

related only to the type of the current product and not the previous one as in sequence-dependent setup 

time.  

 

Production Horizon: if the production period is long enough to produce more than one type of 

products then it is called big-bucket problem. While if only one type of products is produced in each 

period, then it is called small-bucket problem.  

  



  

           15    

Objective: if the aim of solving the lot-sizing problem is to minimize one objective like cost or time, 

then it is a single objective optimization. If there is more than one objective to consider, then it is a 

multi-objective optimization. 

According to Alidaee and Li (2014), the objective for scheduling problem could be: 

• Minimizing the cost of holding machines. 

• Minimizing the total machine usage cost  

• Minimizing job tardiness. 

Other objectives that are described by Rezaei and Davoodi (2011) are as follows: 

• Minimizing transportation costs, this type of cost is ignored in most of the existing studies  

• Total service level, which is the ratio of the satisfied ordered item of a product to the total 

demand of that product. 

Most of the solved lot-sizing and scheduling problems are single objective problems. This objective is 

minimizing the sum of three types of cost, backlogging, holding and setup costs (Belo-Filho et al. 

2014). 

 

Number of Resources (machines):  if there is one machine in the production line then it is a single 

resource model (single machine SP) if there are many machines that perform different tasks it is a 

multi-resource model (Parallel machine PM). 

Both one machine and multiple machine problems require one step that must be performed on a single 

machine. If the process needs to be performed on multiple machines, then it is a multi-stage problem 

(Jones et al. 1999). 

Parallel machines problem is much more complicated than single machine problem since decision 

variables extend to assigning different task to different machines, parallel machine problem can be 

divided into two types of problem: identical parallel machine and non-identical parallel machine.  

Identical parallel machines mean that production and setup cost, as well as time, are identical for all 

machines, while in case of the non-identical parallel machine the costs and time can differ from one 

machine to another (Copil et al. 2017). 

 

Number of Levels: if the production process has to be divided into several tasks using several 

machines to produce an end product, then the problem is considered a multi-level problem; otherwise 

it is a single level problem.  
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Demand: if the demand is known in advance, then it is deterministic demand, most of the lot-sizing 

models consider demand to be deterministic. Otherwise, if the actual demand is unknown rather it is 

estimated, then it is called probabilistic demand. 

 

Backorder: backorder has two options: it can be allowed or not allowed. 

As an example, Belo-Filho et al. (2014) proposed two models to solve the capacitated lot-sizing 

problem with backlogging. 

 

Product variances: if there is more than one type of product then it is a multi-item problem. 

Otherwise, it is a single-item problem. Most of the lot-sizing problems are multi-item problems. 

 

Scheduling: it can be either deterministic or stochastic scheduling. If the production sequence is 

determined based on some criteria, then the problem is a deterministic scheduling problem. Otherwise, 

it is a stochastic scheduling problem. The used criteria of scheduling problem could be according to 

Jones et al. (1999) as follows: 

1. Minimize the backlog. 

2. Maximize resource utilization (optimize bottleneck). 

3. Minimize inventory. 

4. Optimize resource usage. 

5. Maximize production rate and throughput. 

 

The problem which is discussed in this thesis has the following characteristics: 

A single objective optimization to solve a one-level multi-machine capacitated simultaneous lot-sizing 

and scheduling problem with sequence-dependent setups and machine cost where backlogging is 

allowed, and demand is deterministic under a big-bucket planning horizon. 

2.2 Lot-sizing Problem 

The classical lot-sizing problem (LSP) deal with lot-sizing and does not consider the sequence in which 

the items are produced during the production horizon. In this type of problems, setup time is either 

independent or occurred during an idle period out of the production horizon.   

One of the early big-bucket lot-sizing problem which determines the lot size but not the sequence is 

capacitated lot-sizing problem (CLSP) (Copil et al. 2017). 
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Xie and Dong (2002) introduced a genetic algorithm to solve the general capacitated lot-sizing problem 

(GCLSP), they introduced a solution representation that encodes just the setup statues for each product 

as a binary variable, while the other decision variables are derived from those binary variables through 

coding and decoding procedure. Setup time here is sequence independent while setup costs are product 

dependent. 

This way of coding and decoding depends on a method called “zero-switch”, which means that 

whenever a setup occurs for a product during a certain period, the lot size will be enough to satisfy the 

demand of this period as well as all next periods until the period before the next setup of the same 

product. 

Zero-switch method works well for incapacitated lot-sizing problem but does not work for capacitated 

ones since there may be no enough resources to produce the demand for many periods in a single 

period. Therefore, Xie and Dong (2002) modified the “zero-switch” method to ensure the feasibility 

of solutions by including shifting procedure. It works by shifting production quantity from one period 

where there are infeasible resources to a previous one and repeat this shifting procedure until all the 

infeasibility is eliminated. 

González-Ramírez et al. (2011) proposed a heuristic procedure to solve multi-product multi-period 

capacitated lot-sizing problem (CLSP), and the goal is maximizing the profit by minimizing the total 

costs, such as holding cost, production cost, and setup cost while setup costs are fixed for each period 

in which production takes place.  Regardless of the fixed setup cost, the problem is still an NP-hard. 

The complexity of the problem increases in multi-item cases. 

Toledo et al. (2013) solved a lot-sizing problem using a hybrid multi-population genetic algorithm. 

Besides the lot size for each product, the algorithms determine whether a certain type of products is 

produced during a specified period or not, without suggesting any sequence since the setup time is 

sequence independent. On the other hand, setup time is product dependent and cannot be ignored, so 

it is included in different constraints to ensure the feasibility of all solutions. 

A Genetic Algorithm for Multi-Level Unconstrained Lot-Sizing Problem (MLULSP) has been 

introduced by Homberger (2008). Unconstrained problem means that machine capacities are not 

considered when solving the problem. He used a parallel genetic algorithm which is an approach based 

on dividing the population into parallel subpopulations that evolve separately.  
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2.3 Scheduling problem 

Scheduling problem is often linked to multi-machine problem. The goal of solving scheduling problem 

is finding the best allocation of machines to many different task or jobs and finding the optimal 

sequence of processing those jobs on each machine (Chaudhry and Drake, 2009).  

Scheduling problem can be divided into two main categories: identical machines and non-identical 

machines. Chaudhry and Drake (2009) introduced a genetic algorithm to optimize the total tardiness 

in an identical multi-machine problem. Identical parallel machines mean that setup and processing 

time is independent of machines. Beside that Chaudhry and Drake (2009) considered the setup time to 

be sequence-independent and machine capacities are nondeterministic, machine capacity can be 

determined by assigning a different number of workers to different machines during production plan.  

The algorithm is used with a chromosome representation in the form of permutation vector, and this 

vector includes the list of jobs to be performed, number of workers on each machine (machine 

capacity) and which machine will perform each job. They concluded the effectiveness of using Genetic 

Algorithm to solve such a problem. 

Balin (2011) proposed a genetic algorithm to solve non-identical parallel machine problem. He 

proposed a chromomere representation in the form of a matrix where every row represents one 

machine, and every column represents product type, each cell in this chromosome is either 0 or 1, 

which indicate if a product is produced on a particular machine or not. Each column has only one non-

zero cell, and all other cells are zeros, this means that each product can only be produced on one 

machine, while each row represents a feasible schedule for each machine. Because of this coding 

method, Balin (2011) designed a new crossover operator working on two rows of the same 

chromosome (one individual), and it works by moving non-zero cells from one row to another, that 

means moving job from one machine to another. This crossover operator works based on the 

processing time for each machine to obtain a new individual with a better feasible schedule. He 

concluded that the genetic algorithm is suitable for solving non-identical parallel machines scheduling 

problem and the results where promising. 

2.4 Simultaneous lot-sizing and scheduling optimization   

In many real cases, the setups are sequence dependent and have significant effects on the total costs 

and time. Therefore lot-sizing and scheduling problems need to be studied simultaneously to find the 
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best sequence of products and lot size for each. Many algorithms have been used, and many models 

have been proposed with different characteristics and assumptions. 

Example of those algorithms are Simulated Annealing Algorithm (SA), which is an algorithm based 

on annealing process of solids. In a normal annealing process, atoms in a solid material are crystallized 

through the heating and cooling process, the same idea is implemented on computational intelligence 

where the atom represented a feasible solution. SA is used by Brüggemann and Jahnke (1994) to solve 

discrete lot-sizing and scheduling problem. It is used by Mehdizadeh and Fatehi (2014) to solve the 

lot-sizing and scheduling problem simultaneously. Mehdizadeh and Fatehi (2014) introduced two 

other algorithms to solve the same problem. They introduced Vibration Damping Optimization, which 

is a heuristic optimization imitate vibration damping in mechanical vibration; and Harmony Search 

algorithms. 

Mohammadi et al. (2010b), introduced two rolling horizon approaches to solve a large size 

capacitated lot-sizing problem with sequence dependent setups, sequence dependency rises the 

importance of solving the lot-sizing problem and scheduling problem simultaneously. The algorithm 

works by choosing a product and set up the machine for it, and then it starts adding other products 

one by one. The sequences resulted from adding this product to all possible positions are tried. For 

each position, the setups cost is calculated, then the position that results in the lowest sum of setup 

costs is chosen, and the algorithm moves to the next product. This process repeated for all periods 

independently. That means that decision variables form one period does not affect other periods. 

Mohammadi et al. (2011) proposed Genetic algorithm to solve the same problem with solution 

representation in the form of a matrix. This matrix has decision variables needed to decide which 

products to be produced during each period and the sequence of products on that period. 

Mohammadi and Ghomi (2011) solved the same capacitated single machine multi-level lot-sizing 

problem by combining genetic algorithm with rolling horizon approach, they designed a genetic 

algorithm to determine the decision variables for each period while freezing other periods based on 

the rolling horizon approach. The Genetic Algorithm proposed by Mohammadi and Ghomi (2011) has 

been used with chromosome representation in the form of a vector that indicates the sequence of the 

products for a one period since the Genetic algorithm is applied for each period separately. This 

algorithm was superior to the previous rolling horizon approaches of Mohammadi et al. (2010b), 

especially for large size problems. 

https://link-springer-com.libraryproxy.his.se/article/10.1007%2Fs00291-015-0429-4#CR16
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Babaei et al. (2014), introduced a genetic algorithm to solve capacitated lot-sizing and scheduling 

problem with sequence-dependent setup, with the same characteristics as the previous one, the only 

difference is that in this algorithm the backlogging is allowed, allowing backlogging means that the 

demand of a certain period does not need to be fulfilled during that period.  

Allowing backlogging is necessary in many real cases especially for highly capacitated problems; 

otherwise, there is no feasible production plan and the results obtained by any algorithm is not practical 

since it is not feasible (Babeai et al. 2014).  

They concluded the efficiency and effectivity of using genetic algorithm to solve this problem. The 

computation time is promising but it still high for medium and large size problems. The average 

computation time of a problem with three machines (levels), three products and five periods is about 

1650 seconds on average. 

Solving model with multi machines in flow shop environment means solving a single machine multi-

level problem; the algorithm does not divide the lot size into different small quantities that can be 

produced on different machines. Here the decision variables are the lot size and the sequence of 

products, while in a multi-machine one level environment the decision variables are more complicated, 

it includes deciding which machines to be activated and which not, and which products to be produced 

on each machine. This increase the complexity of the problem, this can be found in the work of Beraldi 

et al. (2008), in this work they solved a problem with a large number of identical parallel machines, 

and each lot can be split into several machines. 

Kimms (1999) used the genetic algorithm to solve multi-machine, multi-level proportional lot-sizing 

and scheduling problem (PLSP), in this type of problem at most two different products share the same 

machine may be produced per period. For each machine at most one setup may occur per period. 

Despite the increasing complexity of the problem, the genetic algorithm gives competitive results 

comparing with some other heuristic method like tabu search method. 

Rohaninejad et al. (2015) solved a multi-stage GLSP with non-identical parallel machines. They 

combined genetic algorithm with particle swarm (PSO) optimization algorithm and local search 

heuristic. They used GA as the main algorithm while PSO is used to determine the lot size variables 

after the crossover and mutation operators to in order to extend the search in the lot-size decision 

variable space. 
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Capacitated lot-sizing with sequence dependent setup costs CLSD introduced for the first time by 

Haase (1996). James and Almada-Lobo (2011) introduced a new heuristic INFSR to solve CLSD; their 

INSRF is a combination of neighborhood search heuristic INS and MIP-based release and fix approach 

RF. Their heuristic can be used to solve a single machine CLSD-SM problem and non-identical parallel 

machines CLSD-PM. They tested the algorithm with very large size instances and compared the results 

with other algorithms from the literature, they concluded that INSRF is an effective method to solve 

this type of problem, especially in term of computational time comparing to the other methods, they 

did not consider backlogging, but Xiao et al. (2015) solved a related problem while considering 

backlogging. 

The work of Xiao et al. (2015) proposed a new hybrid Lagrangian-simulated annealing-based heuristic 

to solve CLSD-PM problem while backlogging is considered. They divided the original problem into 

a lot-sizing subproblem and a group of single machine scheduling problems.  

2.5 Genetic Algorithm  

The problem discussed in this thesis is a capacitated lot-sizing and scheduling problem. Since CLSD 

problem is proven to be an NP-hard problem, there is a need for a powerful optimization method to 

solve it. Many heuristic algorithms can be used here such as Ant colony optimization, Particle swarm 

optimization, Simulated Annealing, and Genetic Algorithm. 

In this work, the Genetic Algorithm will be used due to its flexibility and its ability to solve problems 

with discrete variables. 

GA is a meta-heuristic algorithm based on the mechanisms of genetics and natural selection; it is a 

member of a broader class of algorithm called evolutionary algorithms (EA). The concept of the 

genetic algorithm first introduced by Holland (1962), since then the concept has been developed, and 

the genetic algorithm has been used in many fields as optimization and search tool (Goldberg, 1989). 

It is used to produce good solutions for optimization problems by using a group of biology-inspired 

operators such as mutation, crossover, and selection (Mitchell, 1998).  

In order to solve any problem or finding the optimal solutions under some constraints, the decision 

variables need to be represented in an effective way. This way called scheming the chromosome 

representation. Chromosome representation can be anything from vector to a matrix with binary, 

integer or real values, although binary-coded vectors are more often used as chromosome 

representation (Kalyanmoy, 2001). 
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After scheming the chromosome representation, a group of solutions is created. Those solutions or 

individuals make the first population. The first population is a set of randomly generated solutions; in 

most cases, those solutions must be feasible. Population size can differ from one problem to another 

depending on the complexity of the problem itself and the decision variables. 

After choosing a good chromosome representation and creating the first population, a measurable 

value must be defined to measure the quality of each individual. This value is called the fitness value 

of the individual; fitness values are calculated based on the fitness function. The fitness function is 

usually given as part of the problem description to measure the performance of a solution and compare 

it to other solutions (Whitley, 1994) and its value usually equal to the value of the objective function. 

For example, if the objective of the optimization problem is to maximize the objective function, then 

a  solution with larger fitness value compared to other solutions is better, while if the objective is to 

minimize the objective function, then a solution with a lower fitness value is better (Kalyanmoy, 2001). 

After that the algorithm is evaluated for many generations or iterations, during each iteration, a portion 

of the current population is selected to create the mating pool, and passed them to the genetic operators, 

the aim of selection is to make multiple copies of good solutions and eliminate bad solutions without 

changing the population size (Kalyanmoy, 2001). It is important to control the number of copies of 

good solutions in the mating pool. Otherwise, the extraordinary solutions will take over very fast, and 

this is not a desirable situation for a genetic algorithm (Goldberg, 1989). 

 There are two common selection methods: Roulette Selection and Tournament Selection. Tournament 

Selection is the primary selection method, and it works by choosing the fittest individuals between two 

or more of random selecting individuals and pass them to the mating pool and repeat this process for 

all individuals until the number of individuals in the mating pool is equal to the original population 

size.  

The other selection method is Roulette Selection, in this method the individuals are chosen based on 

proportion to their fitness, the individual with better fitness value will be selected more often to be in 

the mating pool (Luke, 2013). 

Since genetic algorithm derived from evolution theory, the notations from evolution theory are used, 

The solutions in the mating pool called parents and solution resulting after applying genetic operators 

called children. 
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Crossover is the process where chromosomes of two parents are combined to create two new 

individuals; this is called recombination (Jacobson and kanber, 2015). The combinations of the two 

parents’  chromosomes depend on the type of crossover; for example, there are three main types of 

crossover for vector representations: one point cross over, two-point cross over and uniform cross over,  

each can be chosen to solve a specific type of problems. 

After many generations of performing crossover and selection, it will end up in a situation where some 

parts of the chromosome are identical for most of the population, as result of that the population will 

often prematurely converge, therefore there is a need for another genetic operator to prevent that which 

is mutation operator (Luke, 2013). 

Mutation aims to create a diverse population and is a great hill climbing mechanism which prevents 

premature convergence especially with problems with small populations (Whitley, 1994).  

In mutation, the chromosome of some of the newly combined individuals are mutated, this mutation 

is implemented by making small changes on the chromosome, it can be done for example by flipping 

some random bits for binary representations which is called bit-flip mutation, or by assigning new 

values for some bits for integer or real-valued representation. There are many mutation methods for 

integer or real-valued representations like random mutation, non-uniform mutation and normally 

distributed mutation (Kalyanmoy, 2001). 

Choosing a suitable mutation operator highly depends on chromosome representation where it is a 

binary, integer or real-valued and on the problem itself. 

After mutation, the new and old individuals are combined together,  but not all of them will be passed 

to the next generation. The process of choosing which individuals will be passed to next generation 

and which will be neglected is called replacement, the most common way of replacement is an elite 

replacement, in which the fittest individuals are propagated to the next generation.  

This loop of the process is repeated until a termination condition has been reached. Common 

termination conditions are if one or more solutions are satisfying minimum standards (reached a 

predefined value) or if the algorithm has reached a specific number of iterations (Kalyanmoy, 2001). 

2.6 Solution representation for GA 

There are different ways to represent a feasible solution in order to implement the algorithm operators 

on it. A good solution representation is an essential factor to increase the efficiency of an algorithm. 
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In order to get a better understanding of different possible ways to represent the solutions, a literature 

review has been made for this matter.  

The most commonly used representations for simultaneous lot-sizing and scheduling problem are 

binary representation and real representation, in binary representation each bit of the chromosome is 

either 0 or 1, while in real value representations each bit is a real number which can be an integer or a 

float point number, it depends on the type of the problem and its variables to choose the representation. 

2.6.1 Vector representation  

Xie and Dong (2002) designed the chromosome as a vector of binary numbers; the length of the vector 

is equal to product number × number of periods. Each cell indicates the initial sequence of setups 

(whether a setup operation is performed for a specific product during a specific period or not).  The lot 

size is calculated using the “zero switch” method, which described earlier in this thesis. 

Gonçalves and Sousa (2011) proposed a solution representation for lot-sizing and scheduling single-

machine problem. They presented a vector of real numbers between 0 and 1, where the length of each 

chromosome is equal to the maximum number of setups to be allowed in the production sequence plus 

an extra bit to indicate the actual number of setups for that solution. The real values of each 

chromosome are decoded to find the real sequence of products that provided by that chromosome and 

to determine whether a certain product is produced or not, after that the actual lot size of each product 

is determined through solving the mathematical model (demand, inventory level, and constraints). 

Mehdizadeh and Fatehi (2014) introduced a new chromosome schema, by this scheme each solution 

consists of two vectors, the number of binary cells in the first vector is (product number × number of 

periods × number of production manner), this victor indicates if a product is produced in a certain 

period or not. The second vector has real values where the length of this vector is product number × 

number of periods. Each cell represents the production quantity for each product in each period. 

Mohammadi et al. (2010b) proposed a solution in the form of two vectors to solve a multi-level 

problem, one for the sequence and one for the lot size. Both vectors are independent of machines 

(levels) since it is a single machine multilevel problem. Which means that all machines have the same 

sequence of products, in addition to that the lot sizes are constant for all machines. 
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2.6.2 Matrix representation  

Matrix schema is introduced by Kimms (1999), he uses two-dimensional matrix representation with 

non-binary values to solve a multi-machine lot-sizing and scheduling problem, where rows equal to 

the number of machines and columns equal to the number of periods. Each cell (m, t) has a rule for 

setups operation for machine m during period t, and this rule is chosen from a set of rules that provided 

to a feasible and cheap production plan. 

Mohammadi et al. (2011) proposed a solution representation in the form of a matrix with two 

dimensions: number of products × number of periods.  

Matrix is also used by Dellaert et al. (2000), Mohammadi et al. (2011) and  Toledo et al. (2013), in 

this schema rows represent products and columns represent periods, each cell is a binary number 

indicts either the setup operation for a product is performed in a specific period or not. While lot sizes 

are decoded using a decoding procedure, in this procedure the physical inventory and net requirements 

are calculated. The net requirements of one period indicate the gap between the external demand and 

inventory of the previous period. Actual lot size needed for one period is the net requirements for this 

period and all next periods where the setup operation indicator is equal to zero, here the setup is 

sequence independent. 

Homberger (2008) used the same schema as Dellaert et al. (2000), but instead of represented the actual 

sequence of product, he represented the possible periods that can be used for producing a certain 

product, this means that both the sequence and lot size are calculated within the decoding procedure. 

Multi-dimensions matrix is used by Babaei et al. (2014), in this representation, the chromosome of 

each individual is represented in the form of a 3D matrix with number of products (n) × number of 

periods (t) × number of machines (m) dimensions with binary values. Each cell (n, t, m) is equal to 1 

if the product n is produced during period t through machine m; otherwise, it is equal to 0. The lot 

sizes are determined using the coding and decoding process based on the demand and inventory level. 

 Method 

This chapter describes the research strategy used in this work, the philosophical paradigm, and data 

analysis methods.  
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3.1 Philosophical paradigm  

The philosophical paradigm adopted in this thesis is positivism. According to Oates (2005), positivism 

means that knowledge is gained through observation, logic, and measurement, and it is trustworthy. It 

also accepts the existence of reality, and each object has its reality which can be found. The reality of 

this thesis is an obvious thing; lot-sizing and scheduling is an actual problem which needs a logical 

solution.  Furthermore, the result of this thesis reflects many features of positivist research because it 

is observable and quantifiable and able to be analyzed. To judging the quality of positivist research 

according to Oates (2005), these points should be examined: 

• The objectivity of the research and researcher. 

• The reliability of the research and the reliability of its results. 

• The repeatability of the instruments and resources of the research. 

• Both internal and external validity. 

 

3.2 Research strategy  

The strategy which adopted in this thesis is “design and creation” because it focuses on producing a 

new IT artifact, which is the algorithm in this thesis. The artifact is the result of developing a Genetic 

Algorithm to solve CLSD-PM problem and coding it using MATLAB. The final code is the main goal, 

and the development process is also an essential part of the thesis. The process proposed by Oates 

(2005), has been followed through this thesis: 

1. Awareness, which is the recognition and articulation of a problem (designing the chromosome to 

represent the possible solutions of CLSD-PM problem, defining the mathematical model, 

objective function and equality and inequality constraints).  

2. Suggestion, it means offering a tentative idea about how the problem should be solved, which is 

in this thesis writing the pseudocode to implement the Genetic Algorithm to solve the lot-sizing 

problem.  

3. Development, it means coding the algorithm using MATLAB.  

4. Evaluation, it means testing the algorithm on a data set, comparing the results with other available 

simulation models or algorithms. 

5. Conclusion, to explain the results. This report states the design, implementation and testing stages.  
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The final artifact which is a MATLAB code will be evaluated. The evaluation criteria are 

Functionality, Completeness, Accuracy, and Performance. 

3.3 Quantitative Data Analysis 

The results of the algorithm are the optimal viable solutions, these solutions which are numbers include 

lot sizes for each product and a feasible schedule for the production process. The execution time will 

be recorded to measure the efficiency of the algorithm This data will be analyzed to determine how 

the number of products, machines, periods and other parameters affect the efficiency of the algorithm. 

The relation between the different parameters and the running time will be derived. 

The second set of analyses will be comparing the efficiency of this algorithm with the efficiency of 

other available algorithms in the literature. 

3.4 Sustainability  

The two pillars of sustainability according to Calero and Piattini (2015) are the capacity of something 

to last a long time and the sustainability of the used resources. The algorithm is this work optimizes 

and digitalizes the production plan, and it is coded through MATLAB. Therefore, the focus will be on 

sustainable digital artifacts. 

The term sustainable digital artifacts can be interpreted in two ways according to Calero and Piattini, 

(2015):  

1. The code being sustainable  

2. The software purpose supports sustainability goals.  

These two aspects have been studied in this thesis. In terms of code being sustainable, the difference 

between natural resource and digital artifacts must be defined, the creation of artifacts has to be made 

by individuals or machines while natural resources are existing in nature.  On the other hand, the use 

of digital artifact does not reduce their value, while the use of natural resources needs to be controlled 

in order to reduce the use of renewable resources. From that, it can be concluded that sustainable 

development of natural resources is critical concerning the use-dimension, whereas sustainable 

development of digital artifacts is critical concerning the creation-dimension (Stuermer et al. 2017). 

Stuermer et al. (2017) introduced ten basics conditions result in sustainable digital artifacts, three of 

them have been considered while developing this algorithm and the code related to it: 
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1. Elaborateness: it means that the digital artifact is easy to edit and reprogramming in order to 

obtain reliable information from it continually. Elaborateness of the digital artifact has a great 

benefit in sustainable development (Stuermer et al. 2017). 

2. Transparent structures: allowing access to the source of the code and algorithm which make it 

possible for future improvement and verification, as a result of that, the error will be reduced 

(Stuermer et al. 2017). 

3. Semantic data: it makes complex digital artifacts clear to humans and machines through a clear 

structure and easy to understand algorithm, which gives others the ability to understand 

knowledge resulted by the algorithm and enhance that knowledge (Stuermer et al. 2017). 

 

In term of software purpose being to support sustainability goals, it can translate the tenth condition 

produced by Stuermer et al. (2017), that is the contribution of the artifacts to sustainable development. 

It means that the artifact gives positive economic effects though optimize the production process which 

might save natural resources and energy (Hilty and Aebischer, 2015). Since the primary goal of the 

real-coded genetic algorithm is to optimize the lot-sizing and scheduling of production process, the 

artifact resulted by this algorithm contribute to sustainable development and line up the use of digital 

artifacts with the global goals of sustainable development. 

 

3.5 Process diagram  

The process diagram in Figure 1 shows the project plan with the main steps, that are implemented to 

achieve the aim of the thesis.  
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Figure 1 The project plan 

 

 Case study 

The case study is the current working process for a major Swedish furniture manufacturer. An example 

of this working process model is illustrated in Figure 2. This model consists of many machines in 

parallel; each machine can produce specific types of products. Those machines produce the demand, 

which consists of two types of demands, internal and external demand. Internal demand is the demand 

for parts that required to produce other products, while the external demand is the actual demand for 

final products. Both types of demand are deterministic and known in advanced. 
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Figure 2 One-level multi-machine production line 

 

Each machine can produce various products in each period. The sequence of products and lot size will 

be decided before actual production occurs. Figure 3 shows an example of a sequence plan for one 

machine. 

 

Figure 3  Example of four products produced by one machine during one period. 
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The previous model is special case for a general discrete manufacturing model. While discrete 

manufacturing problem is the problem to find the best lot sizes and production schedule for all products 

to increase service levels while decreasing the cost. It means to fulfill the demand with a lower possible 

cost for machines and shorter production time. 

This is a hard problem to solve since there is a high number of products and machines. In this case, 

machines have different processing time and the changeover from one product to another requires a 

setup time and setup cost, these times and costs are sequence-dependent, which make this problem 

much harder to solve. 

Then the main concern is finding the lot size of each product and when to produce it, as well as setting 

a complete schedule for production plan. 

The described discrete manufacturing problem is similar to CLSD-PM problem. Therefore, to solve 

the described discrete manufacturing problem, CLSD-PM problem must be solved. In the next chapter, 

some assumptions from discrete manufacturing has been introduced to CLSD-PM problem and 

mathematical model for objective function and constraints has been set. 

 Problem formulation 

This chapter describes the mathematical model as well as the assumptions that have been made in 

order to develop the algorithm. 

5.1 Assumption 

Some assumptions have been made to represent the CLSD-PM problem 

• Each machine can produce specific types of products based on its specification/input data. 

• The planning horizon is multi-periods. In this study, each period is one week. 

• The weekly demand is known in advance for each product. 

• Backorder is allowed (not in the last period). 

• Holding inventory is allowed. 

• At the end of the planning horizon, there is no on-hand inventory. 

• When changing from one product to another, setup time and setup cost exist. 

• Setup times and setup costs are sequence dependent. 

• Each setup operation can be performed one time during each period. 
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• Triangle inequality must be kept. It means that setup time is always longer to change over from 

one product to another through third product. In other words, direct changeover is always faster. 

5.2 Mathematical formulation 

In order to design an optimization algorithm, the mathematical model has been set. This mathematical 

model is influenced by the standard Capacitated Lot-Sizing Problem proposed by Babaei et al. (2014)  

This mathematical model can be described as follow: multi-machine production line where many 

products must be produced according to their demand. The demand of each product is predefined, and 

it is different from one period to another. 

The following notations are used in the model formulation: 

𝑖, 𝑗, 𝑛, 𝑔 indicate the product type. 

𝑡  Indicate the period. 

𝑚 Indicate the machine number. 

𝑁 Number of product types. 

𝑇 Number of periods (Weeks). 

𝑀 Number of machines. 

𝐶𝑚,𝑡 The capacity of machine 𝑚 in the period 𝑡  (time) 

𝑃𝑖,𝑚 Time needed to produce one unite of product 𝑖 on machine 𝑚. 

𝑑𝑖,𝑡 Demand of product 𝑖 in the period 𝑡   

𝐷𝑖  Total demand of product 𝑖  

𝑠𝑑𝑖,𝑗,𝑚 Sequence dependent setup time for machine 𝑚 for a change over from product 𝑖 to product 𝑗 

𝑄𝑖,𝑗,𝑚 Sequence dependent setup cost for machine 𝑚 for a change over from product 𝑖 to product 𝑗 

ℎ𝑖,𝑡 Inventory holding cost for product 𝑖 for each period 

𝑐𝑚𝑚 Cost of using machine 𝑚  

𝑓𝑖 backorder cost for product 𝑖 for each period. 

𝑃𝐴𝑚,𝑖 Matrix indicate machine 𝑚 eligiblity to produce product 𝑖. 

Decision variables: 

𝑚𝑖,𝑡  Machine which used to produce product 𝑖 in period 𝑡 

𝑆𝑖,𝑡 Sequence of which product 𝑖 is produced in period 𝑡 on its machine (𝑚𝑖,𝑡). 

𝑋𝑖,𝑡 Lot Size for product 𝑖 in period 𝑡 

𝑋𝑖,𝑡,𝑚 Lot size for product 𝑖 in period 𝑡 using machine 𝑚 



  

           33    

𝐼𝑖,𝑡 Inventory level of product 𝑖 at the end of Period 𝑡 

𝑏𝑖,𝑡 Backorder of product 𝑖 at the end period 𝑡. 

𝑎𝑖,𝑗,𝑚,𝑡 is equal to 1 if change over from product 𝑖 to product 𝑗 is performed in machine 𝑚 in period 𝑡, otherwise, it is 

equal to 0 

The mathematical model has one objective function, which is the cost function which must be 

minimized. 

𝑚𝑖𝑛∑∑∑∑𝑄𝑖,𝑗,𝑚 ×

𝑇

𝑡=1

𝑎𝑖,𝑗,𝑚,𝑡

𝑀

𝑚=1

𝑁

𝑖=𝑗

𝑁

𝑖=1

+ ∑∑ℎ𝑖 × 𝐼𝑖,𝑡 

𝑇

𝑡=1

𝑁

𝑖=1

+ ∑∑𝑏𝑖,𝑡  × 𝑓𝑖  

𝑇

𝑡=1

𝑁

𝑖=1

+ ∑∑𝑚𝑚,𝑡 × 𝑐𝑚𝑚

𝑇

𝑡=1

𝑀

𝑚=1

 

 

the objective function is subject to several equality and inequality constraints: 

 

∑𝑋𝑖,𝑡,𝑚 × 𝑃𝑖,𝑚 

𝑁

𝑖=1

+ ∑∑ 𝑆𝑑𝑗,𝑖,𝑚,𝑡  ×  𝑎𝑗,𝑖,,𝑚,𝑡

𝑛

𝑗=1

𝑛

𝑖=1

≤ 𝐶𝑚,𝑡 ;  𝑡 = 1,… , 𝑇;  𝑚 = 1,… ,𝑀;           
 

(1) 

 

 

𝐼𝑖,0 + ∑𝑋𝑖,𝑡

𝑇

𝑡=1

= 𝐷𝑖;   ∀ 𝑖 = 1,… ,𝑁;                                              
 

(2) 

 

 𝐼𝑖,𝑡; 𝑏𝑖,𝑡; 𝑋𝑖,𝑡    ≥ 0;  ; ∀  𝑡 = 1, … , 𝑇 ; 𝑖 = 1,… ,𝑁                            (3) 

   

    
 𝐷𝑖 =∑𝑑𝑖,𝑡

𝑇

𝑡=1

                                          
 

(4) 

 

  𝐼𝑖,T  = 0;   𝑖 = 1,… ,𝑁  (5) 

 

 𝑋𝑖,𝑡 = 𝑋𝑖,𝑡,𝑚   ∀  𝑖 = 1,… ,𝑁; 𝑡 = 1,… , 𝑇 ;𝑚 = 1,… ,𝑀 (6) 

 

 

𝐼𝑖,𝑡 ≤ ∑ 𝑑𝑖,𝜏 −

𝑇

𝜏=𝑡+1

 𝐼𝑖,𝑡−1 ;          𝑖 = 1,… ,𝑁; 𝐼𝑖,0 = 0;        
 

(7) 
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Equation 1 machines capacity constraints. 

Equation 2 ensures that the production quantity of each product is equal to the total demand.  

Equation 3 indicates that inventory, backorder, and lot size must be equal to or greater than 0. 

Equation 4 means that the total demand for product 𝑖 is equal to the demand for that product in each 

period. 

Equation 5 means the at the end of the planning horizon there is no inventory left. 

Equation 6 means that each product 𝑖 is produced only by one machine during each period. 

Equation 7 means that at each period the inventory level 𝐼𝑖,𝑡 is less or equal the needed amount to 

fulfill the demand for the all next periods until the end of the planning horizon. 

 

 Genetic Algorithm 

To solve CLSD-PM problem, the Genetic Algorithm is used. To implement the Genetic Algorithm, 

the steps shown in Figure 4 are implemented. 

 

Figure 4 Genetic Algorithm implementation 
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As shown in Figure 4, the first step in order to develop the Genetic Algorithm is to design a proper 

chromosome representation. Real values are used in this work to represent the decision variables. The 

notation used for the genetic algorithm is presented in Table 1.  

Table 1 Notation for the genetic algorithm 

𝐺𝐴 Genetic Algorithm 

𝑅𝐶𝐺𝐴 Real-Coded Genetic Algorithm 

𝐺𝑘 Original generation 

𝑀𝑘 Mating pool 

𝑅𝑘 Recombined population 

𝑘 Iteration number (generation) 

𝑃𝑠 Population size. 

𝑇𝑆 Tournament size 

𝐶𝑃 Crossover probability  

𝑀𝑃 Mutation probability 

𝑀𝑡 Mutating type 

𝑃𝑆𝐾 Production sequence key 

𝐼𝑛𝑑 Individual number; 𝐼𝑛𝑑 = 1 → 𝑃𝑠. 

𝑖 Product type. 

𝑡 Period number. 

𝑚 Machine number. 

 

6.1 Chromosome representation 

Chromosome representation is an important factor of GA success, it must include all information 

needed for an individual. At the same time, it must be designed in a way allowing implementing of 

crossover and mutation operators efficiently. A good, simple and effective representation has been 
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designed carefully to include all decision variables needed for an individual and allow implementing 

crossover and mutation efficiently. 

The proposed chromosome representation for each individual is consists of three layers as shown in 

Figure 5. Each layer is a 𝑁 × 𝑇 matrix, each row of these matrixes represents one product 𝑖 = 1 → 𝑁 

and, each column represents one period  𝑡 = 1 → 𝑇. 

 

Figure 5 Chromosome representation of an individual for a problem with four products and four periods. 

The first layer (layer 1) is the machines layer, where each cell 𝑚(𝑖, 𝑡) shows a number represent the 

machine 𝑚, that produce product 𝑖 in period 𝑡. 

The Second layer (layer 2) is the sequence layer, where each cell 𝑠(𝑖, 𝑡) shows a number represent 

the sequence in which the product 𝑖  will enter machine 𝑚 in period 𝑡.  

The third layer (layer 3) is the lot size layer, where each cell 𝑋(𝑖, 𝑡) shows a number represent the lot 

size (production quantity) for product  𝑖  at the end of period 𝑡. 

In other words, all information needed about one product in a specific period is in three different 

matrixes as shown in Figure 6.  
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Figure 6 All Information about product 𝒊 during period 𝒕 

 

6.2 Initial population 

Initialization of the population is an essential part of the Genetic Algorithm efficiency. It is important 

for the initial population to represent feasible solutions. 

In the proposed Genetic Algorithm, the initial population is generated in a process with three steps for 

each individual: 

1- A random machine is assigned for each cell 𝑚(𝑖, 𝑡) in the first layer (machines layer), this 

machine is selected from the list of machines that can produce product 𝑖.  

Machine list can be derived for each product from machine eligibility matrix 𝑃𝐴𝑚,𝑖 where 

𝑃𝐴𝑚,𝑖 = 1 as shown in Figure 7. 
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Figure 7 Machine lists for each product 

 

2- After that, the sequence of products that share one machine is assigned to the second layer, 

each one with a unique number based on its value on the Production Sequence Key (PSK). 

 

PSK is a unique vector for each individual; each cell represents a product with a value of 

priority. The product which has higher priority value will be produced first. PSK for all 

individuals is generated randomly as a permutation vector of product types. 

Following are the three steps of the sequence mapping procedure using PSK: 

a) Dividing PSK based on machines. 

b) Deciding the sequence of each product based on its priority value. 

c) Merging the product sequence for all machines to form the final production sequence 

for one period; this procedure is repeated for all periods.  

Figure 8 shows an example of a sequence mapping procedure. 
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Figure 8 An Example of sequence mapping using production sequence key (PSK) for one period. 

 

3- The Lot Size 𝑋𝑖,𝑡 for each cell 𝑋(𝑖, 𝑡) is assigned to the third layer, as follow: 

a) For each product 𝑖, in each period, figure out the previous product 𝑗 on the same machine 

𝑚 based on the first and second layers.   

b) Calculate the time needed to produce the demand 𝑑𝑖,𝑡 on machine 𝑚 (𝐿𝑒𝑎𝑑 𝑡𝑖𝑚𝑒𝑖,𝑡) 

 𝐿𝑒𝑎𝑑 𝑡𝑖𝑚𝑒𝑖,𝑡  = (𝑑𝑖,𝑡 + 𝑏𝑖,𝑡−1 ) × 𝑃𝑖,𝑚 + 𝑠𝑑𝑗,𝑖,𝑚  ∀ 𝑡 = 1, … , 𝑇 

  𝑤ℎ𝑒𝑟𝑒 𝑗 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜  𝑆𝑗,𝑡  =  𝑆𝑖,𝑡 − 1 ;   𝑚𝑗,𝑡  =  𝑚𝑖,𝑡  ;   

𝑏𝑖,𝑡−1  = 0 𝑖𝑓   𝑡 = 1  

𝑠𝑑𝑗,𝑖,𝑚  = 0 𝑖𝑓 𝑖 = 0 

(8) 

 

c) Calculate machine availability 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡, where 

𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡 is the remain available time for machine 𝑚 at the period 𝑡 

when it is time to produce product 𝑖, after production and setup operations of previous 

products. It is calculated from the equation (9). 
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𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡  = 𝐶𝑚,𝑡 −  ∑𝑋𝑗,𝑡,𝑚

𝑖−1

𝑗=1

×  𝑃𝑗,𝑚 −∑∑ 𝑆𝑑𝑔,𝑗,𝑚,𝑡  ×  𝑎𝑔,𝑗,𝑚,𝑡

𝑛

𝑗=1

𝑛

𝑔=1

 

∀ 𝑡 = 1,… , 𝑇 

𝑤ℎ𝑒𝑟𝑒  𝑛 ≠ 𝑖   𝑎𝑛𝑑 𝑖 ≠ 1;   𝑛 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜  𝑆𝑛,𝑡  =  𝑆𝑖,𝑡 − 1 ;   𝑚𝑛,𝑡  =  𝑚𝑖,𝑡  ;    

𝑖𝑓 𝑖 = 1 𝑡ℎ𝑒𝑛 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡  = 𝐶𝑚,𝑡 

 

(9) 

d) If lead time is less than machine availability, then the demand can be produced without a 

problem. Otherwise, if the lead time is higher than machine availability, then lot size will 

be the maximum allowed quantity. The rest of the demand will be added to the backorder. 

The following pseudocode shows the procedure to initialize the lot sizes:   

 

Pseudocode for lot size initialization procedure. 

𝑭𝒐𝒓 𝑒𝑎𝑐ℎ 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 

𝑭𝒐𝒓 𝑒𝑎𝑐ℎ 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝐹𝑖𝑔𝑢𝑟𝑒 𝑜𝑢𝑡 𝑡ℎ𝑒 𝑝𝑒𝑟𝑣𝑖𝑜𝑢𝑠 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑗 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑙𝑎𝑦𝑒𝑟  

𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑙𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 

𝒊𝒇 𝐿𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 < 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡 

𝑋𝑖,𝑡 = 𝑑𝑖,𝑡 + 𝑏𝑖,𝑡−1 

𝑏𝑖,𝑡 = 0 

𝒆𝒍𝒔𝒆 𝒊𝒇 𝐿𝑒𝑎𝑑 𝑡𝑖𝑚𝑒 > 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡 

𝑋𝑖,𝑡 =
𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡− 𝑆𝑗,𝑖,𝑚 

𝑃𝑖,𝑚
;     𝑝𝑟𝑜𝑑𝑢𝑐𝑒 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑙𝑙𝑜𝑤𝑒𝑑 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑜𝑓 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 

𝑏𝑖,𝑡  = 𝑑𝑖,𝑡 + 𝑏𝑖,𝑡−1 − 𝑋𝑖,𝑡 ; 𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒 𝑡ℎ𝑒 𝑏𝑎𝑐𝑘𝑜𝑟𝑑𝑒𝑟 𝑙𝑒𝑣𝑒𝑙. 

𝑬𝒏𝒅 𝒊𝒇 

𝑬𝒏𝒅 𝒇𝒐𝒓 

𝑬𝒏𝒅 𝒇𝒐𝒓 
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6.3 Fitness function 

The fitness function is calculated for each chromosome using the cost function: 

𝐹(𝑥) =∑∑∑∑𝑄𝑖,𝑗,𝑚 ×

𝑇

𝑡=1

𝑎𝑖,𝑗,𝑚,𝑡

𝑀

𝑚=1

𝑁

𝑖=𝑗

𝑁

𝑖=1

+ ∑∑ℎ𝑖 × 𝐼𝑖,𝑡  

𝑇

𝑡=1

𝑁

𝑖=1

+ ∑∑𝑏𝑖  × 𝑓𝑖,𝑡  

𝑇

𝑡=1

𝑁

𝑖=1

+ ∑∑𝑚𝑚,𝑡 × 𝑐𝑚𝑚

𝑇

𝑡=1

𝑀

𝑚=1

 

It consists of four types of costs: 

1. Inventory cost= ∑ ∑ ℎ𝑖 × 𝐼𝑖,𝑡 
𝑇
𝑡=1

𝑁
𝑖=1  

 

2. Backorder cost= ∑ ∑ 𝑏𝑖  × 𝑓𝑖,𝑡 
𝑇
𝑡=1

𝑁
𝑖=1  

 

3. Machine cost= ∑ ∑ 𝑚𝑚,𝑡 × 𝑐𝑚𝑚
𝑇
𝑡=1

𝑀
𝑚=1  

 

4. Setup cost=∑ ∑ ∑ ∑ 𝑄𝑖,𝑗,𝑚 ×
𝑇
𝑡=1 𝑎𝑖,𝑗,𝑚,𝑡

𝑀
𝑚=1

𝑁
𝑖=𝑗

𝑁
𝑖=1  

 

Where 𝑎𝑖,𝑗,𝑚,𝑡 is equal to 1 if change over from product 𝑖 to product 𝑗 is performed on machine 

𝑚 in period 𝑡, otherwise, it is equal to 0 

𝑎𝑖,𝑗,𝑚,𝑡 = {
1, 𝑆𝑖,𝑡 ≥ 1   𝑎𝑛𝑑  𝑆𝑖,𝑡 + 1 = 𝑆𝑗,𝑡 𝑤ℎ𝑒𝑟𝑒 𝑀𝑖,𝑡 = 𝑀𝑗,𝑡;

0, 𝑒𝑙𝑠𝑒 ;
 

 

6.4 Selection operator 

Many selection operators can be used like tournament selection, proportionate selection, and ranking 

selection. In this work the tournament selection is used, a tournament is played between two solutions 

when Tournament Size (𝑇𝑠) = 2, and the one which has better fitness value (lower cost value) is placed 

in the mating pool (𝑀𝑘). Tournament is played for all solutions in the original population (𝐺𝑘). Then 

the original population is shuffled, and the Tournament process is repeated again until the mating pool 

(𝑀𝑘)  has the same number of individuals (Ps) as the original population (𝐺𝑘). Tournament selection 

has been chosen because it has a better or an equivalent coverage for all solutions comparing with 

other selection operators in the literature (Kalyanmoy, 2001). It also has a better computational time 

complexity than other methods (Kalyanmoy, 2001). 
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The flowing is the pseudocode of the selecting operator: 

𝑇𝑠 = 2 

𝑭𝒐𝒓  𝑎𝑙𝑙 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠 𝑖𝑛 𝐺𝑘(𝑖𝑛𝑑) 

𝑰𝒇 𝐹 (𝐺𝑘(𝑖𝑛𝑑)) >  𝐹 (𝐺𝑘(𝑖𝑛𝑑 + 1))   

𝑀𝑘(𝑖𝑛𝑑) ← 𝐺𝑘(𝑖𝑛𝑑); 𝑐𝑜𝑝𝑦 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑠𝑡 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑡𝑜 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 ℎ𝑎𝑙𝑓 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑎𝑡𝑖𝑛𝑔 𝑝𝑜𝑜𝑙 

𝒆𝒍𝒔𝒆 

𝑀𝑘(𝑖𝑛𝑑) ← 𝐺𝑘(𝑖𝑛𝑑 + 1); 𝑐𝑜𝑝𝑦 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑠𝑡 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑡𝑜 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 ℎ𝑎𝑙𝑓 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑎𝑡𝑖𝑛𝑔 𝑝𝑜𝑜𝑙 

𝒆𝒏𝒅 

𝑬𝒏𝒅 𝒇𝒐𝒓 

𝑆ℎ𝑢𝑓𝑓𝑙𝑒 𝑎𝑙𝑙 𝑚𝑒𝑚𝑏𝑒𝑟𝑠 𝑜𝑓  𝐺𝑘  

𝑭𝒐𝒓  𝑎𝑙𝑙 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑖𝑛 𝐺𝑘(𝑖𝑛𝑑) 

𝑰𝒇 𝐹 (𝐺𝑘(𝑖𝑛𝑑)) >  𝐹 (𝐺𝑘(𝑖𝑛𝑑 + 1))   

𝑀𝑘 (
𝑃𝑠

2
+ 𝑖𝑛𝑑) ← 𝐺𝑘(𝑖𝑛𝑑 + 1); 𝑐𝑜𝑝𝑦 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑠𝑡 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑡𝑜 𝑡ℎ𝑒 𝑠𝑒𝑐𝑜𝑛𝑑 ℎ𝑎𝑙𝑓 𝑜𝑓 𝑡ℎ𝑒 𝑀𝑘 .  

𝒆𝒍𝒔𝒆 

𝑀𝑘 (
𝑃𝑠

2
+ 𝑖𝑛𝑑) ← 𝐺𝑘(𝑖𝑛𝑑); 𝑐𝑜𝑝𝑦 𝑡ℎ𝑒 𝑓𝑖𝑡𝑡𝑒𝑠𝑡 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑡𝑜 𝑡ℎ𝑒 𝑠𝑒𝑐𝑜𝑛𝑑 ℎ𝑎𝑙𝑓 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑎𝑡𝑖𝑛𝑔 𝑝𝑜𝑜𝑙.  

𝒆𝒏𝒅 

𝑬𝒏𝒅 𝒇𝒐𝒓 

6.5 Crossover  

Crossover operation is one of the essential factors of the genetic algorithm performance. If the 

crossover operator is not able to produce new individuals that are different from their parents, then the 

Genetic Algorithm will probably fail (Magalhaes-Mendes, 2013). 

Therefore many crossover operators are tested here, like one-point crossover, block crossover and 

period crossover. Each one of these operators has disadvantages when they are applied in this model. 

Because each individual consists of three connected layers, any change will affect the feasibility of the 

solution. It is unlikely for the new individuals to be feasible in term of machine availability and demand 

fulfillment, therefore a repairing procedure is implemented after each crossover operation. A flowchart 

for each crossover operator is shown in Figure 9. All notations used can be found in Table 1. 
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Figure 9 Flow chart for one crossover operator 

6.5.1 One-Point Crossover 

This is a type of naive crossover and works by choosing random cut boundaries, from two random 

parents. It starts by generating random cut points for each period (𝑡) to create two offspring. The two 

new individuals inherited cells above cut points from the first parent and cells below cut points from 

the second parent. This will be implemented in the first layer (machine layer) as shown in Figure 10. 

Then the sequence is set based on the parent’s production sequence key (PSK), where the third layer 

is calculated the using the procedure of lot size initialization which mentioned earlier. 
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Figure 10 Example of one-point crossover 

This crossover is efficient at creating new individuals with new machine utilization, but it has also a 

disadvantage as the two children will inherit the sequence pattern from their parents through PSK 

and not the exact sequence. Because the sequence in each column (period) is dependent on other 

elements in that column and on the corresponding column in the first layer. So, the second layer will 

be invalid when any cut on the row level occur. Therefore this layer is regenerated for the two 

children based on PSK of the two parents, respectively. For the third layer, it will be recalculated 

using the procedure of lot size initialization 

6.5.2 Period Crossover 

In the period crossover, the cut point is in column level (period). Where two parents are selected 

randomly and a random period is selected to be a crossover point. Two new individuals inherited the 

columns before the cut point from one parent and the columns after the cut point from another parent. 

This process is implemented in all three layers, then repairing procedure is implemented to update the 

lot size layer to ensure that the two new individuals do not violate the constraints.  Figure 11 shows 

the period crossover. 
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Figure 11 Example of Period Crossover 

 

After completing all three layers, the feasibility of the new individuals is checked by calculating the 

machine availability and demand fulfillment. Changes in values of the third layers are done when 

required to ensure feasibility through repairing procedure as follow. 

a) Calculate the total lot sizes for all products. 

b) Calculate total machine availability needed to produce the lot sizes according to the 

schedule provided by the new individual for each machine 𝑚 and each period 𝑡 

(𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡). 

c) If lot sizes or machine availability violate the machine constraints and the demand, increase 

or decrease lot sizes until the solution is feasible again. 

 
𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡 =∑𝑋𝑖,𝑡,𝑚

𝑁

𝑖=1

×  𝑃𝑖,𝑚 −∑∑ 𝑆𝑑𝑗,𝑖,𝑚,𝑡  ×  𝑎𝑗,𝑖,𝑚,𝑡

𝑁

𝑖=1

𝑁

𝑗=1

 

∀ 𝑡 = 1,… , 𝑇, ∀ 𝑚 = 1,… ,𝑀,  

(10) 

The following is the pseudocode for the repairing procedure: 

 

 



  

           46    

%% % 𝒓𝒆𝒑𝒂𝒊𝒓𝒊𝒏𝒈 𝒃𝒚 𝒅𝒆𝒍𝒆𝒕𝒊𝒏𝒈 𝒃𝒂𝒄𝒌𝒐𝒓𝒅𝒆𝒓 

𝒇𝒐𝒓 𝑒𝑎𝑐ℎ 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖  

    𝒇𝒐𝒓 𝑒𝑎𝑐ℎ 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

        𝑚 = 𝑚𝑖,𝑡; 

        𝒊𝒇 𝑏𝑎𝑐𝑘 𝑜𝑟𝑑𝑒𝑟(𝑖, 𝑡) > 0  𝑨𝑵𝑫  𝑋(𝑖, 𝑡) > 0 

           𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒  𝑋(𝑖, 𝑡) 𝑤𝑖𝑡ℎ 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑙𝑙𝑜𝑤𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 

        𝑬𝒏𝒅 if 

    𝑬𝒏𝒅 for 

𝑬𝒏𝒅 for 

%% 𝒓𝒆𝒑𝒂𝒊𝒓𝒊𝒏𝒈 𝒃𝒚 𝒅𝒆𝒍𝒆𝒕𝒊𝒏𝒈 𝒕𝒉𝒆 𝒆𝒙𝒕𝒓𝒂 𝒑𝒓𝒐𝒅𝒖𝒄𝒕𝒔. 

(This means that produced products are more than the total demand or capacity needed to 
produce them is greater than machines capacity) 

𝒇𝒐𝒓 𝑖 = 1:𝑁   

    𝑡 = 1;    𝑚 = 𝑚𝑖,𝑡; 

    𝒘𝒉𝒊𝒍𝒆(𝑡 ≤ 𝑇 𝑨𝑵𝑫 (∑𝑋𝑖,𝑡 > 𝐷𝑖 

𝑇

𝑡=1

𝑶𝑹 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡 > 𝐶𝑚,𝑡 )) 

        𝒊𝒇  𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡 > 𝐶𝑚,𝑡 𝑨𝑵𝑫 𝑋(𝑖, 𝑡) > 0   

                      𝐷𝑒𝑐𝑟𝑒𝑎𝑠𝑒  𝑋(𝑖, 𝑡) 𝑤𝑖𝑡ℎ 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑙𝑙𝑜𝑤𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 

        𝑬𝒏𝒅 𝒊𝒇 

        𝒊𝒇 𝑋(𝑖, 𝑡) > 0 𝑨𝑵𝑫  𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦(𝑖, 𝑡) > 0 

         𝐷𝑒𝑐𝑟𝑒𝑎𝑠𝑒  𝑋(𝑖, 𝑡) 𝑤𝑖𝑡ℎ 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑙𝑙𝑜𝑤𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 

         𝑬𝒏𝒅 𝑖𝑓 

        𝑡 = 𝑡 + 1;  𝑚 = 𝑚𝑖,𝑡 

  𝑬𝒏𝒅 𝒘𝒉𝒊𝒍𝒆 

𝑬𝒏𝒅 𝒇𝒐𝒓 

%% 𝒓𝒆𝒑𝒂𝒊𝒓𝒊𝒏𝒈 𝒃𝒚 𝒂𝒅𝒅𝒊𝒏𝒈 𝒎𝒐𝒓𝒆 𝒑𝒓𝒐𝒅𝒖𝒄𝒕𝒔 𝒊𝒇 𝒏𝒆𝒆𝒅𝒆𝒅. 

(This means that produced products are less than the total demand) 



  

           47    

𝒇𝒐𝒓 𝑖 = 1:𝑁 

    𝑡 = 1;    𝑚 = 𝑚𝑖,𝑡; 

    𝒘𝒉𝒊𝒍𝒆 (∑𝑋𝑖,𝑡 < 𝐷𝑖 

𝑇

𝑡=1

 𝑨𝑵𝑫  𝑡 ≤ 𝑇)       

        𝒊𝒇 𝑋(𝑖, 𝑡) > 0 𝑨𝑵𝑫 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡 < 𝐶𝑚,𝑡 

          𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛_𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡/𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛_𝑡𝑖𝑚𝑒(𝑖)); 

           𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒  𝑋(𝑖, 𝑡) 𝑤𝑖𝑡ℎ 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑙𝑙𝑜𝑤𝑒𝑑 𝑣𝑎𝑙𝑢𝑒; 

      𝑬𝒏𝒅 𝒊𝒇 

      𝑡 = 𝑡 + 1;  𝑚 = 𝑚𝑖,𝑡; 

  𝑬𝒏𝒅 𝒘𝒉𝒊𝒍𝒆 

𝑬𝒏𝒅 𝒇𝒐𝒓 

 

6.5.3 Block Crossover 

In block cross over that is shown in Figure 12, two rows and two columns are selected randomly to 

form a block. The new individuals inherited all cells located inside this block from one parent and all 

cells outside it from another parent. Block crossover is implemented on the first layer (machine layer), 

then the sequence is set based on the parent's PSK as in the one-point crossover where the third layer 

is calculated using the procedure of lot size initialization. 
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Figure 12 Example of block cross over 

 

6.6 Mutation operator 

Mutation is an important operator of the genetic algorithm to sustain the diversity of individuals 

(solutions) and pass this diversity through different generations. In practical use, it is the mechanism 

that helps the genetic algorithm to scan the search area to find better genetic features of individuals. 

The importance of the mutation operator increases in the real-coded genetic algorithm compared with 

the binary coded one, to spread the distribution of the individuals in the search space (Kalyanmoy, 

2001). 

Therefore, a combination of four mutation operators is applied in the proposed Real-Coded GA. Figure 

13 shows a flowchart of the mutation operator. 
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Figure 13 Flow chart of a mutation operator 

6.6.1 Machine mutation 

This type of mutation is performed on the first layer and effect all layers. It is a type of random mutation 

and the change on the first layer is independent of the original solution, while the changes on the 

second and third layers are entirely dependent on the original solution. To perform machine mutation, 

the algorithm does the following steps. 

a) At first, a random cell (𝑖, 𝑡) is selected from the first layer, which indicates the machines, and 

the value of that cell is replaced with another value from the list of machines that can produce 

product 𝑖.  

b) After that, the value of that same cell (𝑖, 𝑡)  in the second layer is set to 𝑧𝑒𝑟𝑜 and all the 

sequence of other products in the same period 𝑡 is adjusted. The value of cell (𝑖, 𝑡) of the third 

layer which indicate the lot size is set to 𝑧𝑒𝑟𝑜 too. 

c) After that, the inventory, machine availability and total product produced is calculated, and the 

value of the chosen cell (𝑖, 𝑡) is set at the first possible sequence where machine availability is 

enough to perform the setup operation, and the lot size is set at the smallest value between what 

machine availability allows and the value needed to fulfil the demand of product 𝑖 on period 𝑡. 
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d) If the total demand is not fulfilled after the previous step, the value of 𝑋𝑖 of other periods is 

adjusted as well to ensure the feasibility of the solution. 

 

Figure 14 shows an example of an individual before mutation and Figure 15 shows 

implementing of machine mutation on the three layers, with the previously mentioned four 

steps: 

a)  Change machine for product 𝑖3 in period 𝑡4 𝑀3,4. 

b) Value of 𝑆3,4 is set to zero, then the sequence of other product sharing the old machine in the 

same period 𝑡4 is adjusted as well as the value of 𝑋3,4 is set to zero. 

 

c) Value of 𝑆3,4 is set to first possible sequence which is 1 in this example. The sequence of 

other products which sharing the new machine in the same period 𝑡4 is adjusted. Demand of 

product 𝑖3 in period 𝑡4 is 50 products, 𝑚2 time availability is enough to produce 10 products 

for example, the value of 𝑋3,4 is set on the smallest value between (10, 50). 

 

d) Because of the total demand for product 𝑖3 is not fulfilled, the values of 𝑋𝑖 for other periods 

are adjusted trough repairing procedure as well to ensure feasibility of the solution. 

 

Figure 14 Solution before mutation 
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Figure 15 Example of machine mutation 
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The following is a pseudo code for machine mutation operation. 

𝐶ℎ𝑜𝑜𝑠𝑒 𝑟𝑎𝑛𝑑𝑜𝑚 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 

𝐶ℎ𝑜𝑜𝑠𝑒 𝑟𝑎𝑛𝑑𝑜𝑚 𝑝𝑟𝑜𝑑𝑢𝑐𝑡 𝑖 

𝐶ℎ𝑎𝑛𝑔𝑒 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑀(𝑖, 𝑡) 𝑤𝑖𝑡ℎ 𝑜𝑛𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑚𝑎𝑐ℎ𝑖𝑛𝑒𝑠 𝑓𝑟𝑜𝑚 𝑚𝑎𝑐ℎ𝑖𝑛𝑒 𝑙𝑖𝑠𝑡 𝑤ℎ𝑒𝑟𝑒 𝑃𝐴𝑖,𝑚 = 1 

𝑆𝑒𝑡 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓  𝑆𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑆 (𝑖, 𝑡) 𝑡𝑜 𝑧𝑒𝑟𝑜 𝑎𝑛𝑑 𝑎𝑑𝑗𝑢𝑠𝑡 𝑡ℎ𝑒 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑓𝑜𝑟 𝑜𝑡ℎ𝑒𝑟  

𝑐𝑒𝑙𝑙𝑠  𝑎𝑡 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡 𝑡ℎ𝑎𝑡 𝑠ℎ𝑎𝑟𝑒 𝑠𝑎𝑚𝑒 𝑚𝑎𝑐ℎ𝑖𝑛𝑒 𝑚. 

𝑆𝑒𝑡 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑋(𝑖, 𝑡) 𝑡𝑜 𝑧𝑒𝑟𝑜. 

𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚,𝑡  , 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑖𝑒𝑠 𝑎𝑛𝑑 𝑡𝑜𝑡𝑎𝑙 𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠. 

𝐴𝑝𝑝𝑙𝑦 𝑟𝑒𝑝𝑎𝑖𝑟𝑖𝑛𝑔 𝑝𝑟𝑜𝑐𝑒𝑑𝑢𝑟𝑒 𝑖𝑓 𝑛𝑒𝑒𝑑𝑒𝑑. 

 

6.6.2 Sequence mutation 

This mutation is performed on the second layer. Where two random cells 𝑆(𝑖, 𝑡), 𝑆(𝑗, 𝑡), in the same 

column (same period but different products) are swapped when both cells share the same value in layer 

1 (same machine) as shown in Figure 16.  If these two products share the same sequnce pattern and 

same machine for other period, they will be swapped as well. The position for these two product in 

PSK will be swapped too as shown in Figure 17. The third layer is updated after the mutation procedure 

to ensure the feasibility of the new solution through repairing procedure 
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Figure 17 Sequence mutation for PSK 

6.6.3 Uniform Mutation 

The third mutation operator is a uniform mutation. It is applied on the third layer, where two random 

entries 𝑋𝑖,𝑡1 𝑋𝑖,𝑡2 in the same line (same product 𝑖 but different periods 𝑡1 , 𝑡2) are selected and their 

values are changed according to equations 11,12. 

Figure 16 Example of Sequence Mutation 
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𝑋𝑖,𝑡1 = {

𝑋𝑖,𝑡1 + 𝑦 ∗ (1 − 𝑟𝑛), 𝑐𝑎𝑠𝑒 1  

𝑋𝑖,𝑡1 − 𝑦 ∗ (1 − 𝑟𝑛), 𝑐𝑎𝑠𝑒 2
 

(11) 

 
𝑋𝑖,𝑡2 = {

𝑋𝑖,𝑡2 − 𝑦 ∗ (1 − 𝑟𝑛), 𝑐𝑎𝑠𝑒 1

𝑋𝑖,𝑡2 + 𝑦 ∗ (1 − 𝑟𝑛), 𝑐𝑎𝑠𝑒 2
 

(12) 

Where 𝑟𝑛 is a random real number; 0 ≤ 𝑟𝑛 ≤ 1;  

𝑦 is the higher bound of change, and it has two cases: 

 𝑦 =

{
 

 min (𝑋𝑖,𝑡2 ;
𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑚,𝑡1

𝑃𝑟𝑜𝑑𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒𝑖
) , 𝑐𝑎𝑠𝑒 1

min (𝑋𝑖,𝑡1 ;
𝑀𝑎𝑐ℎ𝑖𝑛𝑒 𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑚,𝑡2

𝑃𝑟𝑜𝑑𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒𝑖
) , 𝑐𝑎𝑠𝑒 2

 (13) 

• Case 1 where 𝑋𝑖,𝑡2  > 0 and production availability of machine 𝑚 that produce product 𝑖 in 

Period 𝑡1 is greater than 𝑧𝑒𝑟𝑜. 

• Case 2 if case 1 is false and   𝑋𝑖,𝑡1 > 0 and production availability of machine 𝑚 that produce 

product 𝑖 in period 𝑡2 is greater than 𝑧𝑒𝑟𝑜. 

If both cases are false, then the value of 𝑦 will be equal to zero and there is no mutation at all. 

After deciding the change value and updating two mutated cells in the third layer, as shown in the 

example in Figure 18, the second layer will also be updated if needed (when the value of one cell 

become zero after mutation).  

 

Figure 18 Example of Uniform Mutation 
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By applying the three above mentioned mutation operators, the diversity of mutated individuals is 

ensured for all three layers (Machines, Sequence and Lot Size) while all the mutated individuals are 

feasible.  

6.6.4 Machine mutation in order to remove setup cost 

Since the setup operation could be one of the costliest factors in the total cost function, it is good to 

ensure that the algorithm can eliminate this cost when possible. Therefore a method inspired by the 

work of Gourgand et al. (2010) is implemented. 

A. A cell from the third layer (lot size layer) will be chosen randomly; then the lot size will be set 

to 0. 

B.  After that, the repairing procedure will be implemented to ensure the feasibility of the new 

solution. 

C. The value of that same cell (𝑖, 𝑡) in the second layer is set to 𝑧𝑒𝑟𝑜 and all the sequence of 

other products in the same period 𝑡 is adjusted. Figure 19 shows an example of this mutation.   

 

 

Figure 19 Example of mutation in order to remove setup cost 
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6.7 Replacement 

Elitist Replacement is used, where original individuals 𝐺𝑘  and new individuals are combined together 

in the Recombined group 𝑅𝑘. Then they are sorted increasingly according to their fitness values. 

Finally, the fittest 𝑃𝑠 individuals are copied to the next generation, where 𝑃𝑠 is the original population 

size. 

6.8 Reinitialize Population  

When the minimum value does not change for many generations, the algorithm will enter a local 

optimum area. Because most of the new individuals who have different sequence arrangement will 

have higher fitness value due to their inventory and backorder cost. Then this individual will be deleted 

and do not have a chance to pass its features to the next generation.  

To avoid this situation, the fitness value is calculated for all individuals in each iteration. If the 

minimum value does not change at the end of every iteration, a counter will increase by one, when this 

counter reaches a predefined point (40 iterations), 80% percent of the population will be deleted and 

replaced by newly generated individuals with random values. The fittest 20% of the population will 

remain.  

6.9 Termination of the algorithm 

The algorithm will be terminated when a maximum number of iterations is reached. The maximum 

number is set to 10000 iterations. The algorithm will also be terminated after 800 non-improving 

iterations (when the fitness value of the best individual does not change for 800 iterations), this will 

allow the reinitializing procedure to be activated for at most 20 times before the algorithm is 

terminated.  Figure 20 shows a flow chart for the proposed genetic algorithm and termination 

conditions. 
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Figure 20 Flowchart of the proposed Genetic Algorithm 
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 Numerical Experiments 

The proposed algorithm is implemented and coded in MATLAB. A set of computational experiments 

has been performed on a group of problems with different characteristics. Those characteristics which 

can be found in real cases, highly affect the complexity of the problem, which affects the algorithm 

performance in terms of time and accuracy.  

7.1 Numerical example 

Two numerical examples are shown here to illustrate the practicality of the proposed algorithm. 

In those two examples the algorithm has been tested for a small size problem, the first example without 

considering machine cost, and the second example with considering machine cost. 

7.1.1 Input data 

Number of Machines: M = 2, Number of Products N= 4, Number of Periods T= 3, remaining input 

data are shown in Figure 21. 
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Figure 21 Input data for the numerical example 
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7.1.2 Output data without machine cost 

The algorithm provided the individual in Figure 22 as the best solution. Algorithm terminated after 

924 iterations; computational time is 18.8 seconds.  

 

Figure 22 Best Solution without machine cost 

Best solution indicates that in the first period the products (1, 2, 4) are produced on machine 1, and 

product number 3 is produced on machine 2.  From the second layer, the solution indicates that on 

machine, first  product 2 has been produced,  then product 4 and finally product 1. While the third 

layer indicates the lot size, 93 parts of product 1 will be produced, 110 parts of product 2, 51 parts of 

product 3 and 50 parts of product 4. 

In the second period, only two products are produced, each on a different machine, the last period has 

similar machine allocation and product sequence as period 1. 

Input data in Figure 20 and Solution in Figure 21 shows that the algorithm has chosen the less 

expansive rout in term of machine cost for the first machine, from product 2 to 4 and from 4 to 1. 

To analyze the performance of the algorithm for the solved example, a line chart is used to visualize 

the changes in the fitness value of the best individual for each iteration; this chart is shown in Figure 

23.  
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Figure 23 Analysing the performance of the proposed algorithm for the solved example 

Figure 23 shows that the algorithm has found the best individual after 124 iterations, and then it took 

800 extra iterations to terminate the algorithm. Total computational time is 18.8 Seconds. The 

algorithm can be much faster when reducing the number of non-improving iterations required to 

terminate the algorithm.  However, the necessity of setting this number as high as possible cannot be 

seen for a small size problem like the one in this example, but it is necessary for large-size problems.  

7.1.3 Output data with machine cost 

The following Figure 24 shows the best individual after running the algorithm with machine cost. The 

cost of using one machine during each period is = [1000]. 

 

Figure 24 Best solution with machine cost. 
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This solution in Figure 24 indicates that all products are produced using the first machine during all 

periods.  The average setup cost for the first machine is 341 while the average setup cost for the second 

machine is 378. It shows that the algorithm has chosen the less expensive machine in term of setups 

cost. 

7.2 Test Problems 

Test problems have been introduced by James and Almada-Lobo (2011) based on problem generation 

approach of Almada-Lobo et al. (2007).  

James and Almada-Lobo (2011) generated different problems using the following ranges for problem 

parameters:  

• Number of Machines [2-3] 

• Number of Periods [5-10] 

• Number of Products [15-20] 

• Setup times are between [5-10],  

• Setup costs are proportional to both setup time and 𝜃, where 𝜃 is the cost of setup per one-time 

unit. 

• Demand for each period (Week) is between [40-59] units. 

• Inventory cost for one unit is between [2-9] for holding one product from one period to the 

next one. 

• Production time is one product per unit of time. 

• Period Capacity for each machine is proportional to the demand for that period and (CUT), 

where CUT is Capacity Utilization per period. CUT is either 0.6 or 0.8. 

Since these set of problems will be used to test a non-identical parallel machines CLSD, James and 

Almada-Lobo (2011) used other parameters to ensure that the generated problems have non-identical 

machines, those parameters are related to machine capacity and machine eligibility. 

• For machine capacity, Capacity variation (CutVar) has been introduced to ensure the non-

identicalness of machines. CutVar: it is the maximum allowed variation from Capacity 

utilization (CUT), this means that the actual capacity can vary from one machine to another, 

even the capacity for one machine can vary from one period to another. 
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• The second concept of the non-identical parallel machine is machine eligibility. To ensure the 

differences in eligibility, two parameters are introduced: Machine Probability (M-Prob) and 

Machine Balance (M-Bal). 

Machine probability: indicates the probability of another machine to be able to produce the 

same product.  

If M-Prob = 100%, it means that all machines are eligible to produce all types of products.  

Machine Balance: is the maximum percentage difference in the number of products that can be 

produced on different machines. M-Bal is between 10 and 20 percent, for example, if one 

machine is able to produce 80% of products, and M-Bal =10%, then other machines are able 

to produce between 70% – 90% of different products.  

 

The problems are divided into two main groups according to CutVar, first group when CutVar is 

introduced; it means that the capacity utilization can vary randomly between different machines and 

periods. The second group of problems where CutVar = 0, which means all machines have the same 

capacity utilization for all periods. 

The parameters of all the problems that have been tested are in Table 5 in the Appendix. 

For each problem, James and Almada-Lobo (2011) generated lower bound to evaluate the quality of 

their proposed algorithms using lower bound generation procedure proposed by Almada-lobo et al. 

(2007), this lower bound is used in this thesis to evaluate the proposed real-coded genetic algorithm. 

 

To summarize, the parameters for problems instances are: 

• (M, T, N) which define the problem size. 

• (CUT) affect the utilization of the resources. 

• (M-Prob, M-Bal, CutVar) affect the identicalness of the parallel machines. 

• (𝜃)  affect setup cost. 

7.3 Choosing the crossover operator 

The algorithm is tested for four scenarios for crossover operators, the test is made for a problem with 

2 machines, 15 products and 5 periods.  

In the first three crossover scenarios, period crossover, one-point crossover and block crossover are 

used respectively. In the fourth scenario, all of the three operators are used together by using one of 

them randomly each time a crossover occurs. The average time and average deviation from the lower 

bound for 10 replications are shown in Figure 25 and Figure 26.  
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Figure 25 Performance of the Algorithm for different crossover operators (average deviation)  

 

Figure 26 Performance of the Algorithm for different crossover operators (average execution time) 

From Figures 25 and 26, it can be seen that Period Crossover is the best choice in term of execution 

time and deviation from the lower bound. That can be understood since it is the only crossover operator 
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layers. While the other two types of crossover operators are implemented only on the first layer 

(Machine layer), it also shows the effectiveness of repairing procedure which is used in the period 

crossover. 

7.4 Effect of reinitialization 

Adding a reinitialization step is helping the proposed algorithm to get out of the local minima situation. 

To measure the real effect of the reinitialization step, the algorithm is tested for a set of problems with 

and without reinitialization step. The tested problems are grouped into five main groups according to 

the number of machines M, the number of periods T and number of products N, the average deviation 

from the lower bound is calculated after 10 replications. So the results are shown in Figure 27. 

 

Figure 27 Performance of the Proposed Algorithm with and without reinitialization step 

Figure 27 clearly shows that adding reinitializing step improve the accuracy of the algorithm. The 

average improvement on the average deviation is about 40% and get higher for some problems. For 

problems of type (2-15-10), (2-20-10) the average improvement is about 69%. 
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The deviation from the lower bound has been chosen for a standard problem (2 machines, 5 periods 

and 15 products), the algorithm is terminated when deviation from the lower bound is equal to 20%. 

Most of the possible combinations of the following parameters are tested: 

▪ Crossover probability Cp: 4 levels (0.5, 0.7, 0.9, 1). 

▪ Mutation probability Mp: 3 Levels (0.1, 0.2, 0.3). 

▪ Population Size Ps: 4 levels (50, 100, 150, 200). 

There are 4 × 3 × 4 = 48 combinations; the algorithm is tested for 40 cases of them and run time is 

measured, the full table can be found in Table 6 in the appendix.  The results are grouped in Figure 28 

to illustrate the effect of crossover probability Cp and mutation probability Pm on the runtime for 

different population size. 

 

Figure 28 The effect of Cp, Mp on the run time of the algorithm 

Figure 28 shows the run time of the algorithm when (Cp = 0.5) is shorter than other tested cross over 

probabilities regardless of the value of Pm. 

Results show clearly that best combination for Cp and Cp is (Cp=0.5, Mp=0.3) 

The effect of population size Ps on runtime is shown in Figure 29. 
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Figure 29 The effect of different population size on the runtime 

 

Figure 29 shows that the algorithm with lower population size has the shortest runtime, so the best 

combination is (Ps=50, Cp=0.5, Mp=0.3), those values will be used later to evaluate the proposed 

algorithm. 

 Results 

The Proposed Real-Coded Genetic Algorithm is coded using MATLAB. The Algorithm is tested for 

20 different problems with different values of M, N, T, Cut, 𝜃, M-Prob, M-Bal, and CutVar. For each 

problem the algorithm is run for 10 replications for more reliable data. Then the average deviation 

from the lower bound, average run time and standard deviation are calculated, as well as the best 

deviation and worst deviation for the 10 replications. Standard deviation is calculated as a percentage 

to the average value using the equation 14. The results are shown in Table 2. 

 

𝑠𝑡𝑑𝑣 = √
∑(𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑓𝑟𝑜𝑚 𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑟𝑒𝑝𝑙𝑖𝑐𝑎𝑡𝑖𝑜𝑛 − 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 )2
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(14) 

 

0

20

40

60

80

100

120

140

P size = 50 P size = 100 P size = 150 P size = 200

R
u

n
 T

im
e 

(s
)

Popualtion Size

Mp = 0.1 Mp=0.2 Mp=0.3



  

           68    

Table 2 Performance of the Proposed Algorithm with 20 problems  

 
Problem type (M, N, T, Cut, CutVar, 𝜃, M-Prob, 

M-Bal) 

Ave. 

Dev% 

Ave. 

Time 

(s) 

Best 

Value

%  

Worst 

Value

% 

Standard 

Deviation 

1 2-15-5-0.8-0.0-50-80-20 7.60 176 0.57 14.90 4.16 

2 2-15-10-0.8-0.0-50-80-20 7.00 704 2.23 11.66 2.52 

3 2-15-10-0.8-0.0-100-80-20 12.84 569 6.84 17.65 3.19 

4 2-20-10-0.8-0.0-100-80-20 15.77 699 11.87 21.58 3.08 

5 2-15-10-0.8-00-100-60-20 6.71 622 0.31 18.07 5.23 

6 2-15-10-0.8-0.0-100-80-10 13.70 547 10.30 19.02 2.87 

7 3-15-10-0.8-0.0-50-80-20 13.78 620 7.96 18.83 3.30 

8 3-15-5-0.8-0.0-50-80-20 11.60 236 5.33 15.04 3.54 

9 3-15-10-0.8-0.0-100-60-20 12.40 346 6.84 17.16 3.14 

10 3-15-10-0.6-0.0-100-60-20 6.458 650 5.02 8.719 1.32 

11 2-15-5-0.8-0.5-50-80-20 1.18 204 0.04 4.13 1.11 

12 2-15-10-0.8-0.5-50-80-20 4.76 559 0.58 8.92 2.57 

13 2-15-10-0.8-0.5-100-80-20 10.66 367 0.83 16.55 5.25 

14 2-20-10-0.8-0.5-100-80-20 11.96 578 7.20 20.19 3.61 

15 2-15-10-0.8-0.5-100-60-20 5.32 571 1.61 12.92 3.80 

16 2-15-10-0.8-0.5-100-80-10 7.23 435 0.28 15.71 4.78 

17 3-15-10-0.8-0.5-50-80-20 13.07 285 6.81 20.04 3.50 

18 3-15-5-0.8-0.5-50-80-20 5.06 209 3.38 8.64 2.99 

19 3-15-10-0.8-0.5-100-60-20 9.06 202 5.31 15.83 3.43 

20 3-15-10-0.6-0.5-100-60-20 12.91 567 8.03 18.08 4.73 

 Total 9.45 457.3 4.56 15.18 3.4 
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From Table 2, the average standard deviation is about (3.2% -3.5%) which is acceptable because of 

the heuristic nature of the algorithm. The difference between the best value and worst value for lower 

bound deviation is slightly large. The average best value for lower bound deviation is (4.56 %) while 

the average worst value is (15.81%). 

Table 3 summarizes the results in Table 2 by grouping them according to all parameters.   

Table 3 Summary of the results of the Proposed algorithm 

Parameter  Number of Sets Ave. Deviation % Ave. time (S) 

M 

M=2  (12 Sets) 8.72 502 

M=3  (8 Sets) 10.54 389.3 

N 

N=15  (18 Sets) 8.96 437.1 

N=20  (2 Sets) 13.86 638.5 

T 

T=5  (4 Sets) 6.36 206.2 

T=10  (16 Sets) 10.22 520.0 

Cut 

Cut =0.8  (18 Sets) 9.42 440.5 

Cut = 0.6  (2 Sets) 9.68 608.5 

CutVar 

CutVar = 0  (10 Sets) 10.78 516.9 

CutVar = 0.5 (10 Sets) 8.12 397.7 

Theta 

Theta = 50  (8 Sets) 8.00 374.1 

Theta =100  (12 Sets) 10.41 512.7 

M-Prob 

M-Prob = 60  (6 Sets) 8.80 493 

M-Prob = 80  (14 Sets) 9.72 442 

M-Bal 

M-Bal = 10  (2 Sets) 10.46 491 

M-Bal = 20  (18 Sets) 9.34 453.5 
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After analyzing the results in Table 2, the effect of different parameters is summarized in Table 4 that 

shows the change in the behavior of the algorithm (Accuracy and Run Time) when only one parameter 

is changed.  

 

Table 4 The effect of parameter changes on the average deviation and computational time.  

Parameter Change Ave. Increase in Ave. Deviation 

% 

Ave. Increase in Time (s) 

M (2→ 3)  5.31 -156  

N (15→20) 2.11 170 

T (5→10) 3.29 335.7 

Cut (0.6→0.8) 1.04 -334 

Theta (50 →100)  5.87 -136 

CutVar (0.0→0.5) -2.66 -119 

M-Prob (60→80) 5.73 -128.5 

M-Bal (10→20) 1.28 -23 

Tables 2 and 4 show that the average deviation from the lower bound is about 10.7% in problems 

without capacity variation and 8.1% in problems with capacity variation. Capacity variation CutVar 

has improved the performance of the algorithm, both average deviation and run time are decreased.  

This means that the more machines are non-identical in terms of capacity, the more the results become 

better.   This could be for the reason that search space becomes smaller since the algorithm only 

generates feasible solutions and the number of feasible solutions decreased in this case. 

A similar effect can be seen by changing machine probability M-Prob, increasing M-Prob from 60% 

to 80% causes a significant increase in deviation from lower bound by 5.73%. This means increasing 

the number of machines that can produce the same product will make the problem much difficult to 

solve as the search space expand. The more the machines are non-identical in term of eligibility, the 

better the results.  

Problem 5 and 14 have the same set of parameters except for CutVar and M-Prob. For problem 5 

machines have more identical properties and for problem 14 machines have more non-identical 
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properties. Average deviation for problem 5 is 15.77% while for problem 14 it is 5.32%, an increase 

in average deviation with  10.45%. The results confirm the previous finding that the more the machines 

are non-identical, the better the results. 

However, it is not a general case since there is another factor that can interfere and affect the quality 

of solutions. By comparing two problems with high non-identical machines, the first problem with 

normal capacity utilization (problem 19), and the second represent a highly constrained environment 

(machine capacity less than usual, problem 20). Results show that the problem becomes harder to solve 

and take a longer time in a highly constrained environment. It suggests that narrowing search space 

too much will create deeper local minima, and it seems that the prosed algorithm failed to climb out 

of those local minima in this particular case. 

On the other hand, when the setup cost per unit of time (𝜃)  is increased from 50 to 100, the average 

deviations increased by 5.87%. The problem is much harder to solve with a higher setup cost. 

Likewise, the average deviation is increased when the number of products, periods and machines 

increased because the complexity of the problem is increased. Increasing the number of products N 

and periods T lead to a higher deviation from the lower bound, that is for the reason that increasing N 

and T will highly increase the size of matrixes as well as the size of the search space area, which will 

increase the difficulty of the problem.  

In terms of computational time, it can be seen in Table 4 that computational time increased just in two 

cases which are when increasing number of products N and number of periods T.  Those are the only 

two cases where the size of the chromosome is increased.  

On the other hand, increasing the number of machines does not increase the size of the matrixes, or 

the computational time. But it increases the chance and the possibility for local minima to exist; 

therefore the quality of the solution is affected negatively by increasing the number of machines. 

To discuss the impact of different combination of machines M, products N, and periods T on the 

deviation from lower bound, the results of 200 experiments (20 problems × 10 replications) are 

grouped according to those parameters (M, N, T) as shown in the box and whisker chart in Figure 30. 
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Figure 30 The impact of the number of machines M, products N, and periods T on the proposed 
algorithm. 

Figure 30 shows that the effect of doubling number of periods (5 →10) is almost the same in case of 

problems with M=2 and M=3, both the number of periods and machines increase the complexity of 

the problem and increase the chance of local minima to exist. The larger the search area, the harder 

the problem to solve. 

8.1   Comparing results 

In order to get a better understanding of the performance of the proposed RCGA and validate the 

results, the obtained results by solving the 20 problems are compared with the results of three other 

algorithms from the literature. These algorithms are used to solve the same set of problems and 

introduced by James and Almada-Lobo (2011). 

The algorithms are: 

▪ XPHRF: relax and fix construction heuristic based on local search. 

▪ INSRF: MIP-based irritative neighborhood search heuristic starting with relax and fix 

construction heuristic. 

▪ FOHRF9: relax and fix construction heuristic based on a fix and optimize heuristic with MIP 

solution tolerance of 10−9. 
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There are differences between the proposed RCGA and the other three algorithms in term of 

termination criteria. RCGA is terminated after either 10000 iterations or 800 non-improving iterations 

while XPHRF, INSRF, and FOHRF9 are limited to 3600 Seconds time limit or 100 non-improving 

iterations. 

The other differences are that for the proposed RCGA backlogging is allowed, while it is not allowed 

for the other algorithms. To overcome this difference, a high backorder penalty has been set to force 

the algorithm to avoid backlogging.  There is no machine cost in the other algorithms, therefore it has 

been ignored in the proposed algorithm when the results are compared. 

The results of the proposed algorithm and the results obtained from the literature for the three other 

algorithms can be found in Table 7 in the Appendix. 

To make it easier to compare, the results are shown in figures. Comparing the average deviation from 

the lower bound for proposed RCGA and XRHRF in Figure 31. Comparing the running time for 

proposed RCGA and XRHRF in Figure 32.  

The average deviation from the lower bound for RCGA and INSRF in Figure 33, running time for 

RCGA and INSRF in Figure 34. Comparing the average deviation from the lower bound for RCGA 

and FOHRF9 in Figure 35, Comparing running time for RCGA and FOHRF9 in Figure 36. 

8.1.1 Comparing the results of RCGA AND XRHRF 

 

Figure 31 Comparing the average deviation from the lower bound for RCGA and XRHRF 
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Figure 32 Comparing the average time for RCGA and XRHRF 

 

8.1.2 Comparing the results of RCGA AND INSRF 

 

Figure 33 Comparing the average deviation from the lower bound for RCGA and INSRF 
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Figure 34 Comparing the average time for RCGA and INSRF 

 

8.1.3 Comparing the results of RCGA AND FOHRF9 

 

Figure 35 Comparing the average deviation from the lower bound for RCGA and FOHRF9 
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Figure 36 Comparing the average time for RCGA and FOHRF9 

 

8.2 Results discussion 

All test problems were solved by RCGA, XPHRF, INSRF, and FOHRF9. RCGA was compared 

against other three algorithms for deviation from the lower bound and execution time.  

The average deviation from the lower bound is 9.45% for RCGA while it is 6.34% for XRHRF, 6.55% 

for INSRF and 6.7% for FOHRF9. 

For the set of problems in which machines are identical in term of capacity utilization (problems 1 to 

10, where CutVar=0), the differences between the results obtained from the proposed algorithm and 

those obtained by the other three algorithms are slightly noticeable (about 4% in average). 

While for the set of problems in which machines are more non-identical in term of capacity utilization 

(problems 11 to 20 where CutVar=0.5), the differences between the results obtained from the proposed 

algorithm and those obtained by the other three algorithms are less significant (about 2% in average).  

Therefore, introducing capacity variation is more essential for the proposed RCGA than the other 

algorithms. In other words, the higher the non-identicalness of machines the better the performance of 

the RCGA.  
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On the contrary, the average deviation from lower bound increases for RCGA when the number of 

products is increased. This is not the case for the other three algorithms. The reason behind that is 

solution representation for the proposed algorithm which expands with increasing N and T.      

From analysing the problem where RCGA has better results than three algorithms (problems 9-10-15-

19 and very close result in problem 5), all these problems have more non-identical machines (M-prob 

is low). It suggests that the effect of increasing the M-prob or allowing different products to be 

produced on more machines (increasing possibilities), cause increase in the difficulty of the problem 

for the proposed algorithm, much more than the other three algorithms. The proposed RCGA is more 

sensitive for increasing the search space than the three algorithms, followed by INSRF.  

Increasing setup cost led to a substantial increase in deviation from lower bound for the four 

algorithms. 

On the other hand, the proposed RCGA is faster than INSRF and XRHRF by a large margin, while it 

has almost the same execution time as FOHRF9. The average running time of the proposed algorithm 

is 457 seconds, while the average running time for INSRF is 1164 seconds, 1681 Seconds for XRHRF, 

and 497 Seconds for FORHRF9. 

Furthermore, running time of the proposed algorithm is not affected negatively by the number of 

machines, while computational time for XRHRF and FOHRF9 are profoundly affected by the number 

of machines., The average increase in time for XRHRF is 741% and 329% for FOHRF9, While the 

impact of increasing the number of machines for RCGA like INSRF is minimal in terms of time. On 

the other hand, the increasing number of machines leads to a higher deviation from lower bound for 

all the algorithms.  
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 Conclusion and Future work 

In this thesis, Real-Coded Genetic Algorithm (RCGA) is developed to solve a capacitated lot-sizing 

and scheduling problem with sequence-dependent setups (CLSD) with non-identical parallel 

machines, with backlogging. An effective chromosomes representation and genetic operators have 

been designed. A numerical experiment shows the ability of the proposed RCGA algorithm to solve 

different type of problems with good solutions quantity. 

In order to test the accuracy of the proposed RCGA, some experiments are implemented. The results 

of the algorithm are compared with the lower bound from the literature. The results show that the 

proposed RCGA algorithm gives satisfactory results in term of accuracy, with an average deviation 

from the lower bound of 9.45%. This average deviation depends on the parameters of the solved 

problem, such as the number of machines, number of products, and number of periods.  Results show 

that a higher number of product and periods will lead to a higher deviation from the lower bound, and 

to longer run time. Changing the value of other parameters such as setup cost and machines 

identicalness has a visible impact on the performance.  

The performance of the proposed algorithm is compared with the performance of XPHRF, INSRF and 

FOHRF9 algorithms which introduced in the literature. The comparison shows that the proposed 

Genetic Algorithm achieved in average better results in approximately in cases with non-identical 

machines in terms of capacity or eligibility, while the other three algorithms performed better in cases 

with more identical machines. 

Furthermore, the proposed algorithm is the best in terms of computational time, where the 

computational tests show that running time is shorter in average for proposed RCGA comparing with 

the three other algorithms for most of the solved problems. It is hard to draw a conclusion based on 

that because of the differences between the programming and running environment.  

On the other hand, the standard deviation in the proposed RCGA is high. A possible reason for this 

could be the size of searching space, which makes it hard for the algorithm to get out of the local 

minima in some cases, so the future work could focus more on this point to minimize the standard 

deviation and increase the reliability of the algorithm. Future work could include testing a new method 

to improve the accuracy of the algorithm, like by combining some features from neighborhood search 

heuristic with the Genetic Algorithm to perfectly scan the search area. A deep analysis of the algorithm 
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performance can be made to figure out where are the weak points and try to suggest solutions to 

overcome the weakness. 
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 Appendix 

A. List of tested problems 

Table 5 List of tested problems 

Problem Number 

of 

Machines 

(M) 

Number 

of 

Products 

(N) 

Number 

of Periods 

(T) 

Capacity 

Utilisatio

n Cut 

Capacity 

Variation 

CutVar 

𝜽 M-Prob M-Bal 

1 2 15 5 0.8 0.5 50 80 20 

2 2 15 10 0.8 0.5 50 80 20 

3 2 15 10 0.8 0.5 100 100 20 

4 2 15 10 0.8 0.5 100 80 10 

5 2 15 10 0.8 0.5 100 80 20 

6 2 20 10 0.8 0.5 100 80 20 

7 3 15 5 0.8 0.5 50 80 20 

8 3 15 10 0.6 0.5 100 60 20 

9 3 15 10 0.8 0.5 50 80 20 

10 3 15 10 0.8 0.5 100 60 20 

11 2 15 5 0.8 0 50 80 20 

12 2 15 10 0.8 0 50 80 20 

13 2 15 10 0.8 0 100 60 20 

14 2 15 10 0.8 0 100 80 10 

15 2 15 10 0.8 0 100 80 20 

16 2 20 10 0.8 0 100 80 20 

17 3 15 5 0.8 0 50 80 20 
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18 3 15 10 0.6 0 100 60 20 

19 3 15 10 0.8 0 50 80 20 

20 3 15 10 0.8 0 100 60 20 
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B. Parameters tuning measurements 

All measurements are average values for the performance of the algorithm, termination condition 

where the average deviation from lower bound = 20% for simplification purpose. 

Table 6 Parameter tuning for a standard problem. 

Problem 

(M, T, N) 

P. Size Mp Cp 
Time in 

seconds 
Iteration 

(2,5,15) 50 0,1 1  42.34  1023 

(2,5,15) 50 0,1 0.9 52.78  1420 

(2,5,15) 50 0,1 0.7 48.21  1509 

(2,5,15) 50 0,1 0.5 48.26 1762 

Average     47.897 1428.5 

(2,5,15) 100 0,1 1  70.46 970 

(2,5,15) 100 0,1 0.9 73.47  1073 

(2,5,15) 100 0,1 0.7 67.02  1107 

(2,5,15) 100 0,1 0.5 60.20  1101 

Average    67.787 1062.75 

(2,5,15) 150 0,1 1 99.42  766 

(2,5,15) 150 0,1 0.9 130.8  1156 

(2,5,15) 150 0,1 0.7 188.2  1960 

(2,5,15) 150 0,1 0.5 83.70  955 

Average    125.53 1209.25 

(2,5,15) 200 0.1 1 119.9  757 

(2,5,15) 200 0.1 0.9 131.9  845 

(2,5,15) 200 0.1 0.7 124.85 837 

(2,5,15) 200 0.1 0.5 145.73 923 

Average    130.595 840.5 

(2,5,15) 50 0.2 1  69.1 1187 

(2,5,15) 50 0.2 0.9 55.9 1032 
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(2,5,15) 50 0.2 0.7 43.3 1118 

(2,5,15) 50 0.2 0.5 33.7 976 

Average     50.5 1078.25 

(2,5,15) 100 0.2 1 72.8 854 

(2,5,15) 100 0.2 0.9 91.92 904 

(2,5,15) 100 0.2 0.7 59.9 777 

(2,5,15) 100 0.2 0.5 64.5 785 

Average    72.28 830 

(2,5,15) 150 0.2 1 104.8 693 

(2,5,15) 150 0.2 0.9 88.9 739 

(2,5,15) 150 0.2 0.7 98.5 911 

(2,5,15) 150 0.2 0.5 82.59 879 

Average    93.6975 805.5 

(2,5,15) 200 0.2 1 99.3 584 

(2,5,15) 200 0.2 0.9 95.31 592 

(2,5,15) 200 0.2 0.7 95.8 659 

(2,5,15) 200 0.2 0.5 116.3 820 

Average    101.67 663.75 

(2,5,15) 50 0.3 1  38.9 591 

(2,5,15) 50 0.3 0.9 40.7 696 

(2,5,15) 50 0.3 0.7 40.7 787 

(2,5,15) 50 0.3 0.5 40.8 816 

Average     40.275 722.5 

(2,5,15) 100 0.3 1 116.52 948 

(2,5,15) 100 0.3 0.9 92.9 835 

(2,5,15) 100 0.3 0.7 64.7 589 

(2,5,15) 100 0.3 0.5 - - 
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C. The average deviation from lower bound and 

computational time for RCGA, XPHRF, INSRF, 

and FOHRF9 

Table 7 Average deviation from lower bound and computational time for RCGA, XPHRF, INSRF, and 
FOHRF9 

Problem Ave. deviation from lower bound % Ave. Time. (Seconds) 

 
RCGA XPHRF INSRF FOHRF9 RCGA XPHRF INSRF FOHRF9 

1 
7.60 1.49 1.47 2.03 176 323.7 969.2 74.1 

2 
7.00 2.6 2.92 3.06 704 527.1 1173.7 244.4 

3 
12.84 7.1 8.24 7.84 569 1371.2 851.1 559.8 

4 
15.77 5.9 5.06 5.19 699 3756.1 1909.3 2524.1 

5 
6.71 6.02 6.01 7.13 622 322.2 1170 198.1 

6 
13.70 6.98 8.03 7.68 547 1254.5 930.4 626.7 

7 
13.78 10.78 6.93 6.63 620 7623 1427.5 941.3 

8 
11.60 4.37 5.13 4.64 236 3023.8 1266.9 417 

9 
12.40 12.86 14.29 14.31 346 2910.9 1220.9 950.9 

10 
6.458 8 9.31 9.78 650 960.3 1035 239.1 

11 
1.18 1.1 0.94 2.01 204 172.7 1002.2 47 

12 
4.76 2.49 2.99 2.99 559 453 979.3 173.9 

13 
10.66 6.93 7.82 7.84 367 967.2 993 271.8 

14 
11.96 4.8 5.76 5.45 578 2737.1 1124 862 

15 
5.32 6.07 5.53 6.48 571 259.5 1318 82.9 

16 
7.23 6.84 7.83 8.34 435 962.6 934.6 326.5 

17 
13.07 10.19 6.28 6.28 285 2723.9 1233.3 687.8 

18 
5.06 2.52 3.35 4.06 209 994 730.2 102.2 
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19 
9.06 12.09 14.4 12.83 202 1529.9 939.1 442.8 

20 
12.91 7.73 8.75 9.51 567 757.8 1121.5 166.9 

 9.45 6.34 6.55 6.70 457.3 1681.52 1116.46 496.96 

 

 


