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Abstract 

With the development of Industry 4.0 and requirement of smart factory, cellular manufacturing system (CMS) 

has been widely concerned in recent years, which may leads to reducing production cost and wip inventory due 

to its flexibility production with groups. Intracellular transportation consumption, sequence-dependent setup 

times and batch issue in CMS are taken into consideration simultaneously in this paper. Afterwards, a 

multi-objective flexible job-shop cell scheduling problem (FJSCP) optimization model is established to 

minimize makespan, total energy consumption and total costs. Additionally, an improved non-dominated sorting 

genetic algorithm is adopted to solve the problem. Meanwhile, for improving local search ability, hybrid variable 

neighborhood (HVNS) is adopted in selection, crossover and mutation operations to further improve algorithm 

performance. Finally, the validity of proposed algorithm is demonstrated by datasets of benchmark scheduling 

instances from literature. The statistical result illustrates that improved method has a better or an equivalent 

performance when compared with some heuristic algorithms with similar types of instances. Besides, it is also 

compared with one type scalarization method, the proposed algorithm exhibits better performance based on 

hypervolume analysis under different instances. 
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1. Introduction 

With the globalization of market, the increased level of competition puts forward higher requirement for 

manufacturing systems, how to quicker and accurate response to customers' desiring to purchase multiple 

varieties of high-quality and low-cost products is an urgent problem. Consequently, production mode of 

multi-variety and small-batch in manufacture has received widespread attention recently by most manufacturing 

firms. Meanwhile, flexible manufacturing1,2 is developed to meet such challenges. As an application of group 

technology, cellular manufacturing system (CMS)3,4 can handle production control in each cell independently, 

which outperforms traditional system in reducing production cost, production time and wip inventory.5-7, 
especially in the semiconductor industry8,9. Temporarily, lot-spliting process in CMS can respond rapidly to 

requirement of production mode of multi-variety and small-batch. Besides, manufacturing industry is facing 

challenges of energy conservation and emission reduction currently. Therefore, CMS considering lot-spliting 

process and energy consumption is most effective production way to ward multi-variety and small-batch 

energy-saving production. 

In CMS, different machines and jobs are aggregated into one cell, which possesses the capability of 

processing the production of part families. However, in contrary to original intention of CMS, assigning all 

machines and parts in the same cell, it is difficult to achieve in practice, i.e., some exception parts (EP), are 

permitted to be machined in more than one cell for reducing number of dedicated machines. For example, in 

wafer pretreatment of semiconductor manufacturing, some successive operations of wafer need to be processed 

between expensive and fixed machines among different cells, which leads to intercellular transportation and 

prolongs makespan of cell parts scheduling (CPS), which plays a crucial role in the operation of CMS. Hence, 

parts inter-cell processing is beneficial for enterprises to reduce machine costs. But it brings task for CPS, of 

which the goal is to determine a part sequence and minimize some effectiveness measures, such as makespan 

and total transportation cost. 

Furthermore, with the rapid development of green manufacturing technology, energy saving and emission 

reduction has become an unavoidable consideration for enterprises. In recent years, more scholars have paid 

attention to energy consumption of semiconductor industry. Hu et al.20 proposed energy savings approaches for 

high-tech manufacturing factories for a semiconductor manufacturing wafer fab. Wang et al.21 proposed a fuzzy 

nonlinear programming approach for planning energy-efficient wafer fabrication factories, thereinto, the total 

power consumption is obtained by summing the power consumptions of all the products in wafer fab. Lin et al.22 
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investigated a flow shop scheduling problem with low carbon emission into consideration. For specific 

scheduling problems, Li et al.23 studied a multi-objective energy-saving scheduling in a permutation flow line 

shop. Iqbal et al.24 developed  a mathematical model to minimize the idle energy based on job sequence in a 

cellular manufacturing system. However, energy consumption is seldom attempted in FJCSP. Besides, due to the 

inevitable intercellular transportation in CMS, energy consumption is becoming more complicated in modern 

manufacturing system. Therefore, in this study, energy consumption is calculated as an objective, so as to 

acquire a scheduling scheme which can provide a better energy saving and emission reduction scheduling 

scheme. 

Besides, jobs are usually grouped into different part families, which generates setup times between two 

different families on machines in CMS. Li et al.25 assumed setup time is sequence-independent and included it 

in the processing time of CMS. Feng et al.16 minimized the makespan and balance the total workload in CMS 

with consideration sequence-independent setup times, machine sharing, and flexible routes to solve a CPS 

problem. However, in practical production, setup times between different parts tend to be related to the sequence 

of them. Sequence-dependent setup times (SDST) are widely studied especially in traditional manufacturing 

system. Costa et al.26 developed a hybrid genetic algorithm to minimize the makespan with SDST in a flow-line 

shop. Abdelmaguid27 and Shen et al.28 taken SDST into consideration to solve flexible job shop scheduling 

problem (FJSP). It can be inferred from the above literature most studies focus on sequence-independent in 

CMS, sequence-dependent in traditional FJSP and flowline cell scheduling. Few references can be found to 

combine SDST with FJCSP. Considering SDST adds complexity to CMS, but it is more suitable for actual 

production, such as semiconductor wafers process.9 Meanwhile, in some real production process, job needs to be 

split into several batches. For instance, production unit in semiconductor manufacturing is called a wafer but the 

process comprises the concurrent processing of several wafers, where one lot contains at most 25 wafers.29 

Investigation shows that batch processing can lead to the reduction of makespan, which is better than overall 

processing of part families.30 Xu31 studied the quality control of multi-variety mixed in production shopfloor. 

Huang and Yu32 mentioned that applications of lot-splitting in manufacturing processes may increase complexity 

of scheduling but are rewarding for efficiency and flexibility of scheduling results under some manufacturing 

circumstances, such as printing, paints or chemical production. Defersha and Movahed33 developed a linear 

programming model with lot streamlining in flexible job shop. Vaez et al.34 proposed a mathematical model with 

consideration lot-sizing in scheduling problem, which aimed to minimize CO2 emissions while maximize the 

total profit. However, batch issue is only widely attempted in traditional shop scheduling and few researches 

about batch can be found in FJCSP. Accordingly, to fill up above gaps, SDST and job batch are considered in 

this paper.  

Due to global searching capability, genetic algorithm (GA) is an effective tool to solve single objective 

optimization problem in mechanical engineering and production process.35 Furthermore, nondominated sorting 

genetic algorithm (NSGA-II) is served as a multi-objective optimization algorithm to seek for a Pareto-optimal 

set in shop scheduling and mechanical manufacturing (e.g., mechanical cooling tower).36-40 However, pure 

dominance-based multi-objective evolutionary algorithm (MOEA) such as NSGA-II usually have the deficiency 

of solution diversity.41 In previous studies, local search techniques were designed to improve the quality of local 

area individuals and they were incorporated into the MOEA to improve the solution diversity.42 More 

researchers embedded local search into heuristic algorithms to improve performance of algorithm. For instance, 

Wu and Che43 investigated an adaptive multi-objective VNS to deal with flow shop scheduling problem and 

verified performance of proposed algorithm was better than NSGA-II. An et al.44 adopted hybrid VNS into 

improved biogeography-based optimization (BBO) algorithm to amend local search ability in a hybrid 

multi-objective FJSP. Therefore, in this study, a hybrid variable neighborhood search (HVNS) is utilized to 

enhance the local searching capability of NSGA-II to deal with the multi-objective optimization problem. 

Based on aforesaid discussion, previous work generally considered classical objectives (e.g., makespan, cost) 

in flowline cell scheduling, or cogitated setup times and batch but neglect energy consumption in FJCSP. 

Simultaneous consideration of intracellular transportation consumption, sequence-dependent setup times and 

batch sizes in flexible job-shop cell scheduling has not yet done. Meanwhile, since FJSP is a more complicated 

NP-hard problem than job shop scheduling, this brings new challenge to FJCSP optimization.45 The main 

contribution of this paper can be summarized as: (1) to better react to green manufacturing and requirement of 

production mode, a novel mathematical model is proposed for FJCSP by taking makespan, total cost, and total 

energy consumption into consideration; (2) to enhance local search ability of NSGA-II for solving complex 

FJCSP, a HVNS is designed to amend performance of algorithm; (3) to verify the validity of proposed algorithm, 

comparisons with six heuristic methods based on benchmark instances and another kind of method from 

literature is analyzed. 

The rest of this paper is arranged as follows. Section 2 provides the basic elements of FJCSP. In Section 3, 

HVNS, elite storage strategy (ESS) and improved algorithm framework is introduced in detail. Section 4 

analyzes the effectiveness of improved algorithm by comparisons with seven algorithms. Section 5 presents the 

conclusions and future directions. 



2. Problem description and formulation 

In this section, the problem is descripted at first. After that, some basic assumptions are provided, as well as the 

related notations are utilized in this study. Next, the formulas about total energy consumption and total costs are 

displayed to show the computation of each component. Finally, a multi-objective optimization model is 

established. 

2.1. Problem description 

In FJCSP, there exist two sets, i.e., a set includes 𝑛 jobs 𝐽 = {𝐽1, 𝐽2, … , 𝐽𝑛} and a set composed of 𝑚 machines 

𝑀 = {𝑀1, 𝑀2, … ,𝑀𝑚}. For each job 𝐽𝑖 , the sequence of processing consists of 𝑛𝑖  sequential operations 

{𝑂𝑖,1, 𝑂𝑖,2, … , 𝑂𝑖,𝑛𝑖}. In this study, jobs can be classified into multiple parts. At the same time, each job in per part 

is processed in two equal batches, which means that each batch of job 𝐽𝑖 also has 𝑛𝑖 consecutive operations. 

Especially, flexible processing route of FJSP will result in that at least one operation 𝑂𝑖𝑗
𝑏  can be processed on 

multiple machines, i.e., alternative machine set AMS𝑖,𝑗
𝑏 . Furthermore, processing time and energy consumption 

of identical operation vary regarding different machines. Thus, three problems are contained in FJCSP: (1) 

machine selection (MS), duo to each 𝑂𝑖𝑗
𝑏  will be processed on the appropriate machine 𝑀𝑘 selected from the 

set 𝐴𝑀𝑆𝑖,𝑗
𝑏 ; (2) operation sequence (OS): because at least one machine have the ability of process several 

different operations, it is necessary to optimize the sequence of processing operation on each machine to acquire 

a less makespan; (3) intercellular transportation (IT): some exceptional parts are essential to be processed in 

more than two cells, which would create intercellular transportation energy consumption. In addition, due to 

jobs are classified into parts, there exists sequence-dependent setup time between different parts.  

2.2. Assumptions and notations 

To concentrate the study of FJSP in CMS, the model is based on following assumptions.  

(a) The number of cells, part families and layout of cell is known. 

(b) Machine fault is ignored. 

(c) All jobs are not interrupted once are proceed. 

(d) All jobs have the same priority. 

(e) The buffer of input and output is not limited. 

(f) Each operation can be distributed to one of available machines. 

(g) The processing time of operations for each part family on machines is known. 

(h) The machines and jobs are available at time 0. 

(i) The intracellular transportation time is 0. 

(j) Each machine can process at most one operation. 

The symbols, parameters and variables are listed, as shown in Table 1. 

 
Table 1. The variables and parameters involved in the model. 

Symbol     Descriptions 
Indices 

𝑖, 𝑎 The index for jobs, 𝑖, 𝑎 = 1,2,⋯ , 𝑛. 
𝑗, 𝑙 The index for operations of jobs, 𝑗, 𝑙 = 1,2,⋯ ,𝑚𝑎𝑥{𝑛𝑖, 𝑛𝑎}. 

𝑔, 𝑘, ℎ The index for machines, 𝑔, 𝑘, ℎ = 1,2,⋯ ,𝑚 
𝑏 The index for batches, 𝑏 ∈ {1,2, … , 𝐵}. 
𝑐 The index for cells, 𝑐 ∈ {1,2, … , 𝑁}. 
𝑓 The index for part families, 𝑓 ∈ {1,2, … , 𝐹}. 

Parameters 
𝑚 The number of machines 
𝑛 The number of jobs 
𝐵 The number of batches 
𝐹 The number of part families 
𝑁 The number of cells 
𝑛𝑖  The number of the operations for job 𝑖, 𝑖 = 1,2,⋯ , 𝑛. 
𝐷𝑖  The demand of job 𝑖 
𝑥𝑖𝑏  Production quantity of 𝑏𝑡ℎ batch of job 𝑖, 𝑖 = 1,2,⋯ , 𝑛, 𝑏 = 1,2,⋯ ,𝐵. 
𝑂𝑖𝑘  The job 𝑖 processed on machine 𝑘 
𝑂𝑖𝑗
𝑏  The batch 𝑏 in operation 𝑗 from job 𝑖 

𝑂𝑖𝑗𝑘
𝑏  The batch 𝑏 in operation 𝑗 from job 𝑖 processed on machine 𝑘 



𝐹𝑖  Finish time of 𝑂𝑖  
𝐹𝑖𝑘  Finish time of 𝑂𝑖𝑘  

𝐹𝑖𝑘
𝑏  Finish time of 𝑂𝑖𝑘

𝑏  

𝑆𝑖𝑘
𝑏  Start time of 𝑂𝑖𝑘

𝑏  

𝑃𝑖𝑘
𝑏  Processing time of 𝑂𝑖𝑘

𝑏  
𝑝𝑘  The processing power of machine 𝑘 per unit time 

𝑝𝑖𝑗𝑘(𝑗+1)ℎ
𝑏  The intercellular transportation power of machines between 𝑂𝑖𝑗𝑘

𝑏  and 𝑂𝑖(𝑗+1)𝑘
𝑏  per unit time 

𝑇𝑐𝑐′ The intercellular transportation time from cell 𝑐 to cell 𝑐′ 
𝑆𝑓𝑓′ Setup time for part family 𝑓′ if processed immediately after part family 𝑓 
ℎ𝑐𝑜𝑠𝑡  The handling cost of each batch 
𝑀 A large positive number 
𝑇𝑖𝑗𝑘
𝑏  The processing time of 𝑂𝑖𝑗𝑘

𝑏  

𝑐𝑘  The processing cost of on machine 𝑘 per unit time 
𝑐𝑠𝑒𝑡𝑢𝑝  The setup cost per unit time 
𝐶𝑚𝑎𝑥  The makespan 
𝑄 The total energy consumption 
𝑄𝑐𝑘  The total processing energy consumption 
𝑄𝑑𝑘  The total intercellular transportation energy consumption 

Decision variables 
𝑤𝑖𝑗𝑘
𝑏  if 𝑂𝑖𝑗

𝑏  processed on machine 𝑘 in a flexible environment, 𝑤𝑖𝑗𝑘
𝑏 = 1; otherwise 𝑤𝑖𝑗𝑘

𝑏 = 0. 

𝑢𝑖𝑗𝑎𝑙𝑘
𝑏1𝑏2  if 𝑂𝑖𝑗

𝑏1 precedes 𝑂𝑎𝑙
𝑏2  on machine 𝑘, 𝑢𝑖𝑗𝑎𝑙𝑘

𝑏1𝑏2 = 1; otherwise 𝑢𝑖𝑗𝑎𝑙𝑘
𝑏1𝑏2 = 0. 

𝑋𝑘𝑐  if machine 𝑘 is located in cell 𝑐, 𝑋𝑘𝑐 = 1,; otherwise 𝑋𝑘𝑐 = 0. 
𝑌𝑖𝑓  if job 𝑖 belongs to part family 𝑓, 𝑌𝑖𝑓 = 1; otherwise 𝑌𝑖𝑓 = 0. 

𝑥𝑖𝑗𝑘
𝑏  if 𝑂𝑖𝑗

𝑏  processed on machine of number 𝑘, 𝑥𝑖𝑗𝑘
𝑏 = 1; otherwise 𝑥𝑖𝑗𝑘

𝑏 = 0. 

2.3. Objective function 

In this paper, the objective function of the optimization model is to minimize makespan, total energy 

consumption, and total costs. 

2.3.1. Makespan 
The first objective makespan 𝑓1 equals the largest finish time of all jobs.32 That is, the time the last job finished 

is the makespan of the schedule. 

𝑓1 = max
𝑖

{max
𝑘

{max
𝑏
{𝑆𝑖𝑘

𝑏 + 𝑃𝑖𝑘
𝑏 }}}, 𝑖 = 1,2,⋯ , 𝑛; 𝑏 ∈ {1,2, … , 𝐵}; 𝑘 = 1,2,⋯ ,𝑚. (1) 

2.3.2. Total energy consumption 

The second objective total energy consumption 𝑓2 equals the sum of the processing energy consumption 𝑄𝑐𝑘  and 

transportation energy consumption 𝑄𝑑𝑘, which is shown in Eq.(2). Thereinto, the processing energy consumption 

 𝑄𝑐𝑘 is sum of processing time of each batch multiplied by energy consumption per unit processing time on each 

mainline, the transportation energy consumption 𝑄𝑑𝑘 is sum of intercellular transportation time of two successive 

operation of each batch multiplied by the transportation power of machines. 
𝑓2 = 𝑄𝑐𝑘 + 𝑄𝑑𝑘 , (2) 

where  

𝑄𝑐𝑘 = ∑ 𝑝𝑘(∑ ∑ ∑ 𝑥𝑖𝑗𝑘
𝑏 𝑇𝑖𝑗𝑘

𝑏𝑛𝑖
𝑗=1

𝐵
𝑏=1

𝑛
𝑖=1 )𝑚

𝑘=1 ,  (3) 

𝑄𝑑𝑘 = ∑ ∑ ∑ ∑ ∑ ∑ ∑ 𝑥𝑖𝑗𝑘
𝑏 𝑋𝑘𝑐𝑥𝑖(𝑗+1)ℎ

𝑏 𝑋ℎ𝑐′𝑇𝑐𝑐′𝑝𝑖𝑗𝑘(𝑗+1)ℎ
𝑏 ,𝑁

𝑐′=1
𝑁
𝑐=1

𝑚
ℎ=1

𝑚
𝑘=1

𝐵
𝑏=1

𝑛𝑖−1
𝑗=1

𝑛
𝑖=1   (4) 

2.3.3. Total cost 
The total costs 𝑓3 includes the processing time cost 𝐶𝑀, setup costs 𝐶𝑠𝑒𝑡𝑢𝑝, and batch costs 𝐶𝑠𝑢𝑏𝑙𝑜𝑡 , which is 

shown in Eq. (5), where 𝐶𝑀 is equal to the total processing time when machines are not idle multiplied by the cost 

per unit processing time, 𝐶𝑠𝑒𝑡𝑢𝑝  equals total setup time between two successive operation of all batches 

multiplied by the setup cost per unit time, 𝐶𝑠𝑢𝑏𝑙𝑜𝑡  is equivalent to sum of number of all batches times handling 

cost of each batch32. 

𝑓3 = 𝐶𝑀 + 𝐶𝑠𝑒𝑡𝑢𝑝 + 𝐶𝑠𝑢𝑏𝑙𝑜𝑡 , (5) 

𝐶𝑀 = ∑ 𝑐𝑘(∑ ∑ ∑ 𝑥𝑖𝑗𝑘
𝑏 𝑇𝑖𝑗𝑘

𝑏𝐵
𝑏=1

𝑛𝑖
𝑗=1

𝑛
𝑖=1 )𝑚

𝑘=1 ,  (6) 

𝐶𝑠𝑒𝑡𝑢𝑝 = ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ 𝑥𝑖𝑗𝑘
𝑏1 𝑥𝑎𝑙𝑘

𝑏2 𝑌𝑖𝑓𝑌𝑎𝑓′𝑆𝑓𝑓′𝑐𝑠𝑒𝑡𝑢𝑝
𝐹
𝑓′=1

𝐹
𝑓=1

𝐵
𝑏2=2

𝑛𝑎
𝑙=1

𝑛
𝑎=1

𝐵
𝑏=1

𝑛𝑖
𝑗=1

𝑛
𝑖=1

𝑚
𝑘=1 ,  (7) 

𝐶𝑠𝑢𝑏𝑙𝑜𝑡 = ∑ 𝑛𝑖𝐵ℎ𝑐𝑜𝑠𝑡
𝑛
𝑖=1 ,  (8) 



2.4. Constraints 

Optimization model include batch constraints, sequence constraints, and time constraints, which are shown in 

Eqs. (9)-(15). 

𝑥𝑖𝑏 = 𝐷𝑖 𝐵,⁄  (9) 

∑ 𝑤𝑖𝑗𝑘
𝑏𝑚𝑖𝑗

𝑘=1 = 1,  (10) 

𝑤𝑖𝑗𝑘
𝑏 ≤ 𝑥𝑖𝑗𝑘

𝑏 , (11) 

∑ 𝑤alk
𝑏2𝑚

𝑘=1 𝑆alk
𝑏2 ≥ 𝐹𝑖𝑗𝑘

𝑏1 + ∑ ∑ 𝑌𝑖𝑓𝑌𝑎𝑓′𝑆𝑓𝑓′
𝐹
𝑓′=1

𝐹
𝑓=1 −𝑀𝑢𝑖𝑗𝑎𝑙𝑘

𝑏1𝑏2 −𝑀(2 − 𝑥𝑖𝑗𝑘
𝑏1 − 𝑥al𝑘

𝑏2 ),  (12) 

∑ 𝑤𝑖𝑗𝑘
𝑏1𝑚

𝑘=1 𝑆𝑖𝑗𝑘
𝑏1 ≥ 𝐹al𝑘

𝑏2 + ∑ ∑ 𝑌𝑎𝑓′𝑌𝑖𝑓𝑆𝑓′𝑓
𝐹
𝑓′=1

𝐹
𝑓=1 −𝑀𝑢𝑎𝑙𝑖𝑗𝑘

𝑏2𝑏1 −𝑀(2 − 𝑥𝑖𝑗𝑘
𝑏1 − 𝑥al𝑘

𝑏2 ),  (13) 

∑ 𝑤𝑖𝑗𝑘
𝑏1𝑚

𝑘=1 𝑆𝑖𝑗𝑘
𝑏1 ≥ ∑ ∑ ∑ 𝑤𝑖𝑗𝑘

𝑏1𝑤𝑖(𝑗−1)𝑘
𝑏1𝑚

𝑔=1
𝑚
𝑘=1

𝑚
𝑘=1 (𝐹𝑖(𝑗−1)𝑘

𝑏1 +∑ ∑ 𝑋𝑘𝑐
𝐶
𝑐′=1

𝐶
𝑐=1 𝑋𝑔𝑐′𝑇𝑐′𝑐),  (14) 

𝐹𝑖𝑗𝑘
𝑏 = 𝑆𝑖𝑗𝑘

𝑏 + 𝑇𝑖𝑗𝑘
𝑏 . (15) 

In the model, Eq. (9) indicates that the batch size is same for each job. Eq. (10) indicates that only one machine 

can be selected for 𝑂𝑖𝑗
𝑏 . Eq. (11) illustrates that value of 𝑤𝑖𝑗𝑘

𝑏  is 0 or 1. If 𝑂𝑖𝑗
𝑏  processed on machine of number 𝑘, 

that is to say, 𝑥𝑖𝑗𝑘
𝑏 = 1, value of 𝑤𝑖𝑗𝑘

𝑏  can be 0 or 1; otherwise, value of 𝑤𝑖𝑗𝑘
𝑏 can only be 0. Eqs. (12)-(13) show 

that start time of 𝑂𝑖𝑗𝑘
𝑏1  depends on the sequence of operations between 𝑂𝑖𝑗𝑘

𝑏1  and 𝑂𝑎𝑙𝑘
𝑏2  and sequence-dependence 

setup times. Eq. (14) indicates that the start time of 𝑂𝑖𝑗
𝑏1 depends on the defined precedence of its operation 

𝑂𝑖(𝑗−1)
𝑏1  and sequence-dependent setup times. Eq. (15) displays that finish time of 𝑂𝑖𝑗𝑘

𝑏  equals the start time of 

𝑂𝑖𝑗𝑘
𝑏  plus processing time of 𝑂𝑖𝑗𝑘

𝑏 . 

2.5. Illustrative example 

To better understand the model, we combine with one a 4/2/4/2 instance from literature19 instance to illustrate. 

Thereinto, there are 4 parts, 2 part families, 4 types of machines, and 2 cells independently, which is shown in 

Table 2. The 2 part families are presented as: [𝐽1, 𝐽2], [𝐽3, 𝐽4].The jobs in the same square bracket means the 

jobs are in same family. Meanwhile, there exists setup time between different families. In addition, the 4 types 

of machines are presented as: [𝑀1, 𝑀2(2)], [𝑀3(2), 𝑀4], which are distributed seperately in two cells. 

Thereinto, 𝑀3(2) means that there are two identical parallel machines for machine 3. Therefore, there are six 

machines in this instance. Finally, based on the above model, we give one Gantt chart of 4/2/4/2 instance, which 

is shown in Figure 1. In this paper, each job is divided into two equal batches, therefore, the index 𝐽𝑎𝑏 , 𝑐 in 

gantte chart symbolizes that 𝑐𝑡ℎ operation in 𝑏𝑡ℎ batch of job 𝑎. Besides, pure gray part in the Gantt chart 

represents sequence-dependent family setup time. 
Table 2. The data of 4/2/4/2 instance. 

Cell number Cell 1 Cell 2 

Machine number M1, M2(2) M3(2), M4 

Family number Part family 1 Part family 2 

Job number job1, job 2 job 3, job 4 

 
Figure 1. The first solution of 4/2/4/2 instance (𝑓1 = 19.5, 𝑓2 = 160.5, 𝑓3 = 330.5) 

3. Method and algorithm 

In this section, a brief description of the standard NSGA-II and improvement motivation are introduced at first. 

Then, a hybrid variable neighborhood search is provided. Last, the overall process of proposed HVNS-NSGA-II 

with specific improvements is summarized. 

3.1. NSGA-II and improvement motivations 
NSGA-II46 is served as a multi-objective optimization algorithm to seek for a Pareto-optimal set. In the whole 

process of NSGA-II, the most core operations owe to the calculation of fast non-dominated sorting and 

crowding distance. The former one, i.e., fast non-dominated sorting, ensures the convergence of the solutions. 



when the solution is closer to the Pareto-optimal front, it shows a better quality. The latter one, i.e., crowding 

distance, keeps diversity of population. 

3.2. Hybrid variable neighborhood search (HVNS) 
Variable neighborhood search (VNS) is presented by Mladenovic and Hansen47 firstly, which was used to avoid 

poor local optimization by changing neighborhood systematically and had been rapidly and successfully adopted 

in various fields. Recently, VNS has been widely studied in shop scheduling problems,48 such as job-shop 

scheduling problem (JSP). 

There are several neighborhood structures in VNS.49 Thereinto, machine-oriented idle time neighborhood, N5 

neighborhood, random whole neighborhood (RWN) are adopted into NSGA-II. Compared with other 

neighborhood structures, the first structure is more complex and efficient. Figure 2 and Figure 3 illustrate the 

operation movement of the same machine and cross-machine by a Gantt chart, respectively. In Figure 2, 

transferring operation 𝑂1,1 before 𝑂2,2 on the same machine, the makespan can decline from 18 to 12. In 

Figure 3, if moving operation 𝑂3,3 on machine 𝑀1 to the position after 𝑂1,1 on machine 𝑀2, the makespan 

declines from 18 to 15. It’s noted that the processing time of operation 𝑂3,3 on machine 𝑀2 has been changed 

to 3. As a consequence, it can be seen that makespan can be reduced by machine-oriented idle time 

neighborhood structure.  

  
(a) Original Gantt chart     (b) Changed Gantt chart 

Figure 2. Operation movement on the same machine. 

  
(a) Original Gantt chart      (b) Changed Gantt chart 

Figure 3. Operation movement across machines. 

3.3. The proposed HVNS-NSGA-II 

3.3.1. Encoding and decoding 
In general, chromosomes are encoded according to real operations and machines in FJSP. OS of the chromosome 

is encoded by number of job. For example, the second ‘3’ in OS [3 1 2 2 1 3] stands for the second operation of 

job 𝐽3. The occurrence times of job number mean the number of operations. However, chromosome of MS is 

index of the machine instead of machine names. For example, the second ‘3’ in MS [1 3 2 3 2 1] denotes that the 

𝑂2,2 will be processed on the third machine in the constituted alternative set AMS = {𝑀1, 𝑀2, 𝑀3}, which is 

equals to 𝑀3 under this circumstance. To make it easier to understand, Table 3 shows the production data of 

an instance. Accordingly, the encoding processing is listed in Figure 4. And the scheduling Gantt chart related to 

the chromosome is shown in Figure 2(a). During the chromosome decoding, all operations are assigned to 

machine from left to right, the start time of jobs is determined by Eq. (16). 
Table 3. The production data of an instance. 
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Figure 4. Encoding process of chromosome for instance. 

3.3.2. Selection 
In traditional NSGA-II, non-dominated sorting and crowding distance are utilized to sort objectives. Especially, 

if there are multiple Pareto frontier solutions, crowding distance combined with roulette wheel selection strategy 

is used for individual selection. However, in multi-objective optimization, most of crowding distance is infinite, 

which brings much difficulty to maintain the diversity of population solutions. Fortunately, Niche technology 

exhibits good performance on ensuring the diversity of individuals in cross pool to some extent, in which 

Hamming distance and Euclidean distance is used to evaluate similarity of multiple Pareto frontier solutions and 

then calculating the shared fitness value of individuals. Meanwhile, roulette wheel is used to select the Pareto 

front individuals to enter cross pool. The specific operation process is shown in Figure 5. 

 

Figure 5. Tournament selection diagram. 

3.3.3. Crossover 
Crossover of processing sequence in chromosomes adopts generalized precedence operation crossover (POX) 

operation50 and uniform crossover operation51 strategies. Multi-point preservative crossover (MPX)52-53 is 

adopted for the crossover of machines with chromosome processing allocation. These two type crossover 

operations are described in detail below. 

a) Precedence operation crossover (POX) 

POX operation is implemented in this study, which depicts in Figure 6, and detailed operation process is 

shown as follows. Parent 1 and Parent 2 generate two offsprings after crossover. The process of crossover 

consists of three steps. Firstly, all jobs need to be divided into two sets, i.e., 𝑗1 and 𝑗2.  𝑗1 included in Parent 1 

is inherited to offspring 1 and 𝑗2 included in Parent 2 is copied to offspring 2. Then, maintain their position. 

Finally, 𝑗2 included in parent 2 is copied to offspring 1 and 𝑗1 included in Parent 1 is copied to offspring 2. 

 

Figure 6. POX operation ( 𝑗1 = {2}, 𝑗2 = {1,3}). 
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Figure 7. Uniform crossover operation. 

b) Uniform crossover 

The operation of uniform crossover can be seen in Figure 7. Firstly, a set of number called Alpha is generated 

randomly by 0 or 1 with same length of chromosome. Parent 1 is swapped to Parent 2 corresponding to the 

position that equals 0 can be used as offspring 1. Parent 1 is swapped to Parent 2 corresponding to the position 

that equals 1 can be used as offspring 2. Eventually, two offspring are formed.  

c) Multi-point preservative crossover (MPX) 

Multi-point preservative crossover (MPX) only cross selected machine in paternal chromosome, operation 

sequence of offspring is same with parents. The process of MPX can be seen in Figure 8. Firstly, a set of number 

called 𝑅 is generated randomly by 0 or 1 with same length of chromosome. Then, positions of operation that 

equals 1 in 𝑅 are chosen in Parent 1 and Parent 2 and allocate them as offspring. Finally, selected positions in 

offspring change other machines.  

 

Figure 8. MPX crossover operation based on machine 

Based on the above consideration, the details of crossover operation are depicted by pseudo-code presented in 

Algorithm 1. 

Algorithm 1 The pseudo-code of crossover operation 

Input: N, Chrom, across_number, Total_gx, indivi_process, XOVR, PN 

1: Num = floor(N=2); 

2: for i = 1 : 2 : Num do 

3:   S=∅; 

4:   ws = randi([1; total_gx]; 1; total_gx); 

5:   across_number=10; % Determine the number of crossings. 

6:   Si=Chrom(i,:); % Select individual. 

7:   Sj=Chrom(j,:); % Select individual. 

8:   if XOVR> rand then 

9:       S1=Si (,1:total_gx); 

10:       S2=Sj (,1:total_gx); 

11:       Post=undrid(total_gx); chazhi=total_gx-Post; 

12:       if chazhi≤ ws(across_number) then 

13:          [S11,S22]=Uniform(S1, S2)  % The uniform cross of OS vector. 

14:       else 

15:          [S11,S22]=POX(S1, S2) % The generalized precedence operation crossover(POX) of OS vector. 

16:       end if 

17:       S=MPX(S11,S22)  % The multi-point preservative crossover (MPX) of MS vector 

18:   else 

19:       S=[S, Si, Sj] 
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20:   end if 

21: Pop1_VNS=N5_VNS(S); % N5 neighborhood and output non-dominated individuals. 

22: Pop2_VNS=Machine_VNS(Pop1_VNS); % machine-oriented idle time neighborhood and output 

23: S=[S; Pop2_VNS]; 

24: end for 

25: Pop_mig=Select_population(S); % Sort and select N=2 habitats. 

Output: Pop_mig 

3.3.4. Mutation 
Mutation is an effective technique to improve population diversity, two mutation operations are adopted in this 

paper. One is RWN for processing sequence, which choose rearranged position arbitrarily and rearrange them. It 

can be seen from Figure 9. Another mutation is for machine selection, machine with the shortest processing time 

is selected to replace genes, as can be seen in Figure 10. 

 

Figure 9. Random whole neighborhood 

 

Figure 10. Machine chain mutation operation diagram 

Based on the above consideration, the details of mutation operation are depicted by pseudo-code presented in 

Algorithm 2. 

Algorithm 2 The pseudo-code of modified mutation operation 

Input: N, Chrom, Total_gx, indivi_process, MUTR, PN, B1, T, temchrom=∅. 

1: [NIND,∼]=size(Chrom); 

2: for i = 1 : NIND do 

3:   cirnumber=10; 

4:   S0=Chrom(i,:); 

5:   Wtemp=cell(1,PN); 

6:   if MUTR > rand then 

7:     while cirnumber>0 do 

8:        S=RWN_VNS(S0); % RWN neighborhood and output non-dominated individuals. 

9:        temchrom(end+1,:)=S; 

10:       for j=1:Total_gx do 

11:          gx=find(B1(S(j),:)==1); 

12:          Wtemp{1,S(j)}=gx; 

13:       end for 

14:       for j=1:Total_gx do 

15:          temptime=T[S(j),Wtemp{1,S(j)}(1)]; 

16:          [∼,minindex]=find(temptime==min(temptime)); 

17:          S(j+Total gx)=minindex(unidrnd(length(minindex))); 

18:          Wtemp{1,S(j)}(1)=[ ]; 

19:       end for 
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20:       S=N5_VNS(S); % N5 neighborhood and output non-dominated individuals. 

21:       temchrom(end+1,:)=S; 

22:       cirnumber=cirnumber-1; 

23:    end while 

24:   else 

25:    temchrom(end+1,:)=N5_VNS (S0); 

26:   end if 

27: end for 

28: newchrom=Machine_VNS (temchrom(1,:)); % machine-oriented idle time neighborhood 

29: total_chrom=unique([temchrom;newchrom],’rows’); 

30: Pop_mig=Select_population(total_chrom); % Sort and select N=2 habitats. 

Output: Pop_mig.  

3.3.5. Elite storage strategy (ESS) 
After crossover, mutation and local search, Pareto non-dominant sorting and crowding distance are used to 

stratify the population, and a new population is generated. To prevent the optimal solution lost in iteration 

process, the elite memory bank 𝑃 of population was established, wherein, the capacity of 𝑃 is 𝑁. The number 

of Pareto front is assumed as 𝐻. If 𝐻 is greater than 𝑁, the first 𝑁 solutions in 𝐻 is selected into 𝑃. 

Otherwise, the solutions of Pareto front are stored in 𝑃. 

3.3.6. The framework of proposed HVNS-NSGA-II algorithm 
Based on the above consideration, the details of HVNS-NSGA-II are depicted by pseudo-code presented in 

Algorithm 3.  

Algorithm 3 The pseudo-code of the proposed HVNS-NSGA-II algorithm 

Input: N, Chrom, Total_gx, indivi_process, XOVR, MUTR, PN, B1, T, temchrom=∅. 

1: Pop=Intialization(N); 

2: ns_pop=nondominant_sort(Chrom); 

3: bestchrom=[]; 

4: for gen=2:MAXGEN do 

5:   select_pop=selection(ns_pop); 

6:   bestchrom=[bestchrom; select_pop]; 

7:   select_pop=select_pop(1:Total gx*2); 

8:   cir_number=size(select_pop,1); 

9:      for i=1:cir_number do 

10:        select_pop(i,:)= N5_VNS(select_pop(i,:)); % N5 neighborhood and output non-dominated 

individuals. 

11:     end for 

12:  POP_acr=across(N, Chrom, Total_gx, indivi_process, XOVR, PN, Temp_memory); 

13:  POP_mut=mutation(N, Chrom, Total_gx, indivi_process, MUTR, PN, B1, T, temchrom); 

14:  G_gen= Pop⋃Pop_acr⋃Pop_mut; % Combine habitats 

15:  G_gen=unique(G_gen,’rows’); 

16:  new_gen=[ns_pop(:,1:Total_gx*2);G_gen]; 

17:  dc_pop=nondominant_sort(new_gen); 

18:  ns_pop=generate_gen(dc_pop); 

19: end for 

Output: ns_pop. 

4. Results and comparative analysis 

In this section, multiple experiments are designed and make comparisons with seven algorithms to verify 

effectiveness of proposed HVNS-NSGA-II method. Two types of metrics are adopted to evaluate quality and 

diversity of the obtained non-dominated solutions through proposed algorithm. Effectiveness and superiority of 

the presented algorithm is verified by comparison with some other commonly used heuristic algorithms. Besides, 

comparison with one conic scalarization method (CSM)19 further demonstrates the performance of proposed 

algorithm. 

4.1. Design of experiments 

In this subsection, environment setting, data source, and performance metrics are separately introduced. 

4.1.1. Environment setting 

All of the experiments and algorithms are written and implemented in MATLAB 2018a, with Intel®CoreTM 

i5-760Qm CPU @ 2.80 GHz and 8.00GB RAM. 



4.1.2. Data Source 
To verify the performance of proposed method, dataset from literature19 is utilized, which includes twelve 

instances. Taking p/m/l/k to represent the general representation of each instance. Thereinto, 𝑝 represents 

number of parts, 𝑚 means number of part families, 𝑙 stands for type of machines, and 𝑘 is cells. The detailed 

instance explanation of the instances are similar to Section 2.5. 

In this paper, the value of processing cost (Pc) on machine 𝑘per unit time𝑐𝑘, setup cost (Sc) per unit 

time 𝑐𝑠𝑒𝑡𝑢𝑝, handling cost of each batch (Hcb) ℎ𝑐𝑜𝑠𝑡 , processing energy consumption (Pec) per unit time 𝑝𝑘, 

intercellular transportation energy consumption (Iec) per unit time 𝑝𝑖𝑗𝑘(𝑗+1)ℎ
𝑏  are listed in Table 4. Besides, we 

divided each job into two equal batches, i.e., the processing time of each batch is half of original data. Besides, 

in this paper, we set handling cost of each batch  ℎ𝑐𝑜𝑠𝑡  to be 1030. 
Table 4. Parameter settings for objective calculation. 

Notation Pc Sc Hcb Pec Iec 
Value 3 4 5 3 6 
 

4.1.3. Performance metrics 
(1) Non-dominated solutions metrics 

To evaluate performance of obtained solutions, three metrics are adopted, namely the number of obtained 

non-dominated solutions 𝑁≺ shown in Eq. (16), the ratio of the obtained non-dominated solutions 𝑅≺ in Eq. 

(17) and average distance of the obtained non-dominated front to Pareto front 𝐷≺. in Eq. (18).64 It is supposed 

that 𝑆𝑝 denotes the reference Pareto solution set, while 𝑆𝑘 represents the solution set obtained by the proposed 

algorithm. 

𝑁≺(𝑆
𝑘) = |𝑆𝑘 − {𝑥 ⋴ 𝑆𝑘|∃𝑦 ⋴ 𝑆𝑘: 𝑦 ≺ 𝑥}|, (16) 

𝑅≺(𝑆
𝑘) =

𝑁≺(𝑆
𝑘)

|𝑆𝑘|
, (17) 

𝐷≺(𝑆
𝑘) =

1

|𝑆𝑝|
∑ 𝑑𝑝(𝑆

𝑘)𝑝⋴𝑆𝑝 ,  (18) 

𝑑𝑝(𝑆
𝑘) = min

𝑥⋴𝑆𝑘
{√∑ (

𝑓𝑖(𝑥)−𝑓𝑖(𝑝)

𝑓𝑖
𝑚𝑎𝑥(∙)−𝑓𝑖

𝑚𝑖𝑛(∙)
)
2

𝑤
𝑖=1 }, (19) 

where 𝑑𝑝(𝑆
𝑘) in Eq. (19) means the shortest normalized distance between the solution set 𝑆𝑘 and a reference 

solution 𝑝 ⋴ 𝑆𝑝, 𝑤 denotes the number of objectives, 𝑓𝑚𝑎𝑥  and 𝑓𝑚𝑖𝑛  represent maximum and minimum 

value of the ith objective in the reference Pareto set 𝑆𝑝, respectively. 𝑓𝑖(∙) is the 𝑖𝑡ℎ objective value. It is noted 

that if 𝑓𝑖
𝑚𝑎𝑥(∙) = 𝑓𝑖

𝑚𝑖𝑛(∙), we let 𝑓𝑖
𝑚𝑎𝑥(∙) − 𝑓𝑖

𝑚𝑖𝑛(∙) is equal to 0.5. 

From above formulas, 𝑁≺(𝑆
𝑘) denotes the efficiency of the proposed method, It is obviously to find that 

when 𝑁≺ is larger, the obtained solution set is better. 𝑅≺(𝑆
𝑘) is utilized to assess the quality of solutions 

among acquired solutions set, and 𝐷≺(𝑆
𝑘) represents the average value of those shortest normalized distances 

between all reference solutions and the obtained solution set 𝑆𝑘. Consequently, the higher 𝑅≺(𝑆
𝑘), the better 

performance of the set 𝑆𝑘. On the contrary, the smaller value of 𝐷≺(𝑆
𝑘) designates the better distribution of 

obtained solution set. 

(2) Hypervolume 

Hypervolume (HV) is an outstanding and widely used indicator to evaluate the comprehensive performance 

of different algorithms, which characterizes the magnitude of the volume dominated by Pareto front sets rather 

than reference point 𝑅61-62. It should be noted that a higher HV signifies that the solution set has better diversity 

and convergence63. In this study, normalized objectives values were adopted to compute HV indicator shown in 

Eq. (20). 

HV = Volume(⋃ [𝑓1
𝑛(𝑋), 1.1] × [𝑓2

𝑛(𝑋), 1.1] × ⋯× [𝑓𝑔
𝑛(𝑋), 1.1𝑋∈𝑆 ]),  (20) 

where 𝑆 is final solution set, 𝑅 is the 𝑔-dimensional reference point and 𝑅 = [1.1, 1.1, … ,1.1]𝑇  

(3) Indicator of makespan 

It is worth noting that comparison of one objective function result can verify the efficiency between signal 

objective and multi-objective optimization algorithm.64 In this paper, we compare makespan 𝑓1 with conic 

scalarization method (CSM). Since batch issue is not considered in CSM, we set 𝑓3
′ as the total costs 

excluding batch costs 𝐶𝑠𝑢𝑏𝑙𝑜𝑡 . The indicator Imp of makespan is calculated between the proposed algorithm and 

CSM, which is defined as follows: 

Imp=[
(𝑓1−𝑓)

𝑓
] × 100%, (21) 

where 𝑓1 is the makespan by the proposed algorithm HVNS-NSGA-II and 𝑓 is the makespan of CSM. 

4.1.4 Parameter setting 
In this paper, parameters, such as number of individuals and interactions of proposed algorithm are listed in 

Table 5. 



Table 5. Parameter settings for proposed algorithm. 

Parameter 

 

Number of 

Individuals 

Number of 

iterations 

Selection 

rate 

Crossover 

rate 

Mutation 

rate 
Tournament 

Value 200 40 0.6 0.8 0.1 10 

4.2. Comparisons with heuristic algorithms 

In order to assess the validity and superiority of proposed HVNS-NSGA-II algorithm, computational results are 

discussed in this section with some other commonly used heuristic algorithms. In this Section, three objectives64 

in classical multi-objective optimization models for FJSP are compared, which are makespan 𝐹1 , critical 

machine workload 𝐹2 and total workload 𝐹3: 

4.2.1. Comparisons of four Kacem instances 
To exhibit the performance of proposed algorithm, four algorithms including PSO+TS,55 HTSA56 and 

P-DABC57 are employed and compared through four Kacem instances (4×5, 8×8, 10×7, and 10×10 instances) 54.  

Table 6 exhibits computational results of different algorithms, it finds that HVNS-NSGA-II has a higher 

efficiency than other methods when deal with four Kacem instances. In comparison with PSO+TS, the proposed 

HVNS-NSGA-II algorithm not only can acquire superior solutions but also obtain richer optimal solutions. 

Similarly, the proposed algorithm obtains much richer optimal solutions than PSO+TS, especially for 10×10 

instance. When compared with HTSA, the proposed algorithm again obtains much richer optimal solutions than 

HTSA algorithm for 4×5 and 8×8 instance. For the medium and large scale instance 10×7 and 10×10, the 

solutions obtained by proposed algorithm have the same quality and quantity. In comparison with P-DABC, the 

proposed algorithm gets much richer optimal solutions for 4×5 instance. The solutions of other three instances 

show the same performance between the proposed algorithm and P-DABC. 
Table 6. Comparison of results on the four Kacem instances. 

Instance Func. PSO+TS HTSA P-DABC HVNS-NSGA-II 

4×5 

𝐹1 11   11 12 N/A 11 12 13 11 11 12 13 

𝐹2 10   10 8 N/A 10 8 7 9 10 8 7 

𝐹3 32   32 32 N/A 32 32 33 34 32 32 33 

8×8 

𝐹1 14 15  14 15 N/A 14 15 16  15 16 16 

𝐹2 12 12  12 12 N/A 12 12 13  12 11 13 

𝐹3 77 75  77 75 N/A 77 75 73  75 77 73 

10×7 

𝐹1 

N/A 

11 11 N/A 11 12 12  11 12 - 

𝐹2 11 10 N/A 11 11 12  11 12 - 

𝐹3 61 62 N/A 63 61 60  61 60 - 

10×10 

𝐹1 7   7 7 8 7 8 8  7 8 8 

𝐹2 6   5 6 5 5 5 7  5 5 7 

𝐹3 43   43 42 42 43 42 41  43 42 41 

Note: N/A means there is no data in the literature. 

4.2.2. Comparisons of four BRdata instances 
In this subsection, comparisons are made among some heuristic algorithms from literature on four BRdata 

instances (Mk01, Mk03, Mk05, Mk08)58. Three heuristic algorithms are selected to compare, i.e., MOGA 

algorithm by Wang et al.59, BEG-NSGA-II algorithm by Deng et al.50, and PSO+RRHC by Kato et al.60. The 

comparative results are presented in Table 7. 

In comparison with MOGA, the proposed algorithm obtains superior and richer optimal solutions for each 

instance. When compared with BEG-NSGA-II, for Mk01 and Mk05 instance, the proposed algorithm has 

superior and richer optimal solutions. For Mk03 and MK08 instance, solution proposed algorithm obtains 

solutions with the same quality and quantity. In comparison with PSO+RRHC, all instances have obtained either 

same or richer solutions. Taking Mk08 instance as an example, the Gantt chart of the proposed method is shown 

in Figure 11. It is worth noting that there is a little difference from the gantte chart explanation in Section 2.5, 

the mark 𝐽𝑎, 𝑏 in gantte chart Figure 11 symbolize that 𝑏𝑡ℎ operation in of job 𝑎. 

 
Table 7．Comparison of results on four BRdata instances. 

Instance 
MOGA BEG-NSGA-II PSO+RRHC HVNS-NSGA-II 

𝐹1 𝐹2 𝐹3 𝐹1 𝐹2 𝐹3 𝐹1 𝐹2 𝐹3 𝐹1 𝐹2 𝐹3 

Mk01 40 36 169 40 36 169 42 42 166 40 36 167 

 42 39 158 42 39 158 43 42 165 41 37 164 



 43 40 155 43 40 155 43 43 161 42 36 165 

 44 40 154 44 40 154 44 36 172 42 38 162 

    47 36 167 44 37 166 43 40 156 

    47 37 165 44 44 160 43 39 159 

    49 37 164 45 36 170 44 40 154 

    50 38 162 45 42 162 44 38 160 

       45 45 157 45 39 158 

       46 37 164 45 37 163 

       46 46 155 46 42 153 

       48 46 154    

       49 45 155    

       49 46 153    

       50 37 163    

Mk03 204 133 884 204 133 884 

N/A 

204 204 867 

 204 135 882 204 135 882 208 204 865 

 204 144 871 204 144 871 211 211 860 

 204 199 855 204 199 855 213 213 851 

 213 199 850 213 199 850 221 221 846 

 214 210 849 214 210 849 222 222 842 

 221 199 847 221 199 847 225 216 850 

 222 199 848 222 199 848 225 221 844 

 230 177 848 230 177 848 226 222 840 

 231 188 848 231 188 848 231 231 838 

       240 240 834 

       249 249 832 

       258 258 830 

       267 267 826 

       276 276 824 

Mk05 173 173 683 173 173 683 177 177 689 178 173 683 

 175 175 682 175 175 682 178 176 692 178 178 680 

 176 176 679 179 179 679 178 177 690 179 179 679 

 183 183 677 183 183 677 179 177 688 183 183 678 

 185 185 676 193 193 675 180 175 692 184 184 677 

    199 199 674 181 176 688 185 185 676 

       184 179 687 187 183 677 

       186 185 683 191 191 675 

       187 176 687 197 197 674 

       189 187 679 203 203 673 

       196 190 678 209 209 672 

       199 193 677    

       202 202 676    

Mk08 523 497 2534 523 515 2524 556 554 2580 523 523 2524 

 523 515 2524 523 497 2534 556 556 2546 524 524 2519 

 524 524 2519 524 524 2519 557 554 2536 533 533 2514 

 578 578 2489 541 533 2516 558 551 2515 542 542 2509 

 587 587 2484 542 542 2511 559 545 2545 551 551 2504 

    560 560 2505 561 542 2531 560 560 2499 

    578 578 2489 563 542 2531 569 569 2494 

    587 587 2484 565 533 2525 578 578 2489 

       568 560 2514 587 587 2484 

       570 569 2513    

       577 569 2505    

       584 578 2500    

       590 578 2493    

       596 587 2484    

       601 527 2761    

Note: N/A means there is no data in the literature. 



 

Figure 11. The first solution of MK08 (𝐹1 = 523, 𝐹2 = 523, 𝐹3 = 2524) 

4.2.3. Performance analysis 
Based on mentioned three metrics in Section 4.1.3, the performance of the proposed HVNS-NSGA-II is shown 

in Table 8. It can be seen that the value 𝑅≺ of Kacem instances is 100%, that is, all solutions obtained by 

proposed algorithm has better optimal Pareto set than other heuristic algorithms. Even though R≺ of BRdata is 

a relatively smaller than that of Kacem, the value 𝐷≺ is much lower with the complexity of the instance. This 

means that the distribution of the obtained solution set is much better, even though there are no too many 

solutions. 
Table 8. The metrics result of different instances. 

Instances 𝑁≺ 𝑅≺(×100%) 𝐷≺ 

Kacem    

4×5 4 100% 0 

8×8 3 100% 0.30 

10×7 2 100% 0.37 

10×10 3 100% 0.12 

BRdata    

Mk01 8 72.73% 0.2922 

Mk03 10 66.67% 0.4878 

Mk05 5 45.45% 0.2226 

Mk08 8 88.89% 0.1504 

To further compare the overall performance of proposed algorithm, the quality of normalized solution sets of 

each instance is evaluated by hypervolume (the bigger the better), and the results of Kacem and BRdata 

instances are shown in Table 9 and Table 10 seperately. For the sake of comparison the ability of different 

algorithms to solve Kacem set problem, the Friedmantest65 is used to assess whether there are significant 

differences in the effectiveness of HVNS-NSGA-II and other methods based on HV values, in which the 

significance level 𝛼  is 0.05. Thereinto, the tested 𝑝  values between HVNS-NSGA-II and 

PSO+TS/HTSA/P-DABC are 0.5637, 0.3173, 0.5637, respectively. Therefore, there is no significant difference 

between between HVNS-NSGA-II and PSO+TS/HTSA/P-DABC (𝑝 > 𝛼  means that the performance of 

PSO+TS, HTSA, and P-DABC is similar with HVNS-NSGAII). To sum up, the Friedman’s test ranking of the 

four algorithms for solving Kacem set problem is HVNS-NSGA-II ≈ PSO+TS ≈ HTSA ≈ P-DABC. 
Homoplastically, the tested 𝑝 values between HVNS-NSGA-II and MOGA/BEG-NSGA-II/PSO+RRHC in 

BRdata instance are 0.3173, 0.3173, 0.0833. Overall, the Friedman’s test ranking of four algorithms for solving 

BRdata instance is HVNS-NSGA-II≈MOGA≈BEG-NSGA-II≈PSO+RRHC. 

Table 9. Hypervolumes of different algorithms for four Kacem instances 

Instance PSO+TS HTSA P-DABC HVNSNSGA-II 

4×5 0.1210 0.5610 0.5810 0.5977 

8×8 0.2460 0.2460 0.2510 0.2260 

10×7 N/A 0.7443 0.1093 0.5093 

10×10 0.0660 0.4760 0.1810 0.1810 

Note: N/A means there is no value. 

Table 10. Hypervolumes of different algorithms for four BRdata instances 
Hypervolumes MOGA BEG-NSGA-II PSO+RRHC HVNS-NSGA-II 

MK01 0.8431 0.8673 0.5128 1.0436 

MK03 0.6784 0.6784 N/A 0.5102 

MK05 0.9721 0.9551 0.5763 0.8908 

MK08 1.1731 1.1904 0.4540 0.9058 
Note: N/A means there is no value. 



4.3. Comparisons with scalarization method 

Based on the definition of makespan indicator in Section 4.1.3, comparison results of makespan 𝐹1 on twelve 

instances with CSM are exhibited in Table 11, which only one optimal solution of proposed method is listed. 

According to Imp value, the results show that the efficiency of proposed algorithm. Take Instance 4 and Instance 

10 as examples, the Gantt chart results are presented in Figure 12 and Figure 13 respectively. It is worth noting 

that the mark 𝐽𝑎, 𝑏 in the gantte charts symbolize that 𝑏𝑡ℎ operation in of job 𝑎 and batch is not considered 

in comparisons with CSM. 
Table 11．Comparison of makespan 𝑓1 on the twelve instances. 

Instances 

Parts/part 

families/machine

s/cells 

 CSM Imp 

 𝑓1 𝑓2 𝑓3
′ 𝑓  

1 4/2/4/2 27 81 

 

 

 

 

 

 

 

 

21

3 

27 0% 

2 

 

6/2/4/2 28 108 24

6 

28 0% 

3 6/2/6/2 26 82 21

6 

26 0% 

4 

 

7/3/4/2 37 151 30

3 

37 0% 

5 

 

7/2/6/3 29 99 24

9 

29 0% 

6 

 

7/3/6/3 29 111 24

9 

29 0% 

7 

 

9/3/7/3 34 134 28

2 

34 0% 

8 

 

8/4/8/4 29 107 24

9 

29 0% 

9 

 

10/4/8/4 34 134 28

2 

34 0% 

10 

 

10/4/10/4 31 113 26

1 

31 0% 

11 

 

14/4/10/4 35 145 29

7 

35 0% 

12 15/4/12/4 31 129 27

3 

31 0% 

 
Figure 12. The first solution for 7/3/4/2 instance (𝑓1 = 37, 𝑓2 = 151, 𝑓

3
′ = 303) 

 
Figure 13. The first solution of 10/4/10/4 instance (𝑓1 = 31, 𝑓2 = 113, 𝑓3

′ = 261) 

With the purpose of testing convergence of above solutions obtained in Table 11, we calculate HV indicators 

for all generations of each instance, which is shown in Figure 14. It can be seen from the figure all instances 

except Instance1 converge in the second generation. This substantiates that proposed algorithm converges fast 

for problems with different cells and part families. 



 
Figure 14. The hyper volume indicator of twelve instances of CSM. 

5. Conclusions and future studies 

This study focuses on a multi-objective FJCSP. An improved non-dominated sorting genetic algorithm, namely 

HVNS-NSGA-II, is proposed to solve the FJCSP. The main contribution and findings of this study can be 

summarized as follows:(1) intracellular transportation, energy consumption, sequence-dependent family setup 

times and batch sizes are taken into consideration simultaneously in the FJCSP; (2) a hybrid variable 

neighborhood search, composed of three types of structures, has been embedded into NSGA-II to improve the 

local exploitation capability of original NSGA-II for obtaining more optimal solutions in multi-objective FJCSP; 

(3) based on different case studies, comparisons with other heuristic algorithms from literature on two types of 

benchmark instances have been confirmed the higher effectiveness of HVNS-NSGA-II. Besides, the efficiency 

of proposed algorithm has been verified by comparison of makespan with one scalarization method. 

In future research, the influence of maintenance on scheduling will be considered with many real-life 

constraints. In parallel, the local search capacity will be improved to obtain more optimal solutions and speed up 

the convergence of algorithm. 
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