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Abstract
To pursue sustainable development, the manufacturing industry must meet strict requirements on
energy-saving. However, the traditional manufacturing mode is not sufficiently green to satisfy such
requirements. To solve the problem, this paper attempts to optimize the multi-objective energy-saving
job-shop scheduling process. Firstly, a multi-objective optimization model was established to minimize
the maximum makespan, total carbon emissions, and total tardiness. Then, the non-dominated sorting
genetic algorithm II (NSGA-II) was improved to provide a solution to the multi-objective energy-saving
job-shop scheduling problem (JSP). Finally, the effectiveness of the improved NSGA-II for solving the
said problem was verified through simulation. The research provides a good reference for improving the
greenness of manufacturing mode.
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1. INTRODUCTION
Green manufacturing is an emerging production mode that meets the green demand of
sustainable development. Under the mode of green manufacturing, job-shop scheduling needs
to consider not only efficiency indices but also green indices, namely, energy consumption and
carbon emissions [1, 2]. The growing number of optimization indices inevitably complicates
the solution to job-shop scheduling problem (JSP).
To save energy, the efficiency indices and green indices of the job-shop scheduling should
be optimized in each production stage, creating a multi-objective energy-saving JSP. The
objectives of the problem include improving production efficiency, shorten production cycle,
eliminate the conflict between field resources, save energy, and reduce cost.
During job-shop production, scheduling determines the process route of each task, and
defines the operation sequence and machines of every job. It is the most important link in the
job production process, and the premise of job-shop scheduling. The selection of process route
directly affects the quality, production time, and cost of each job [3].
In actual production, each job needs to be processed on multiple machines. There is a certain
distance between the machines. The total makespan and distance vary with process routes.
Besides, different process routes will lead to varied levels of carbon emissions. Therefore, the
environmental impact of machines must be considered during the selection of the process route.
The distance between machines will also bring a certain amount of idle waiting time as a
job is moved from one machine to another for subsequent processing. During the multiobjective energy-saving scheduling, it is possible for a machine to have no task for a long time.
In this case, the machine needs to be shut down. The starting and shutdown periods of the
machine also have an impact on the environment.
Therefore, this paper optimizes the multi-objective energy-saving job-shop scheduling
process by improving the non-dominated sorting genetic algorithm II (NSGA-II), a novel
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swarm intelligence optimization algorithm, and verifies the effectiveness of the proposed
method through simulation [4-6].

2. LITERATURE REVIEW
Considering various flexible factors in the manufacturing environment, many scholars have
modelled the energy-saving JSP with multiple objectives (e.g. the makespan) and solved the
model with new multi-objective energy-saving algorithms. For example, Yin et al. [7]
established a multi-objective optimization model with high efficiency and low carbon, and
proposed a compound solving method that transforms the problem into a single objective
optimization problem through weight adjustment. To extend tool life and reduce energy cost,
Luo et al. [8] modelled and minimized the total energy of job turning. Dai et al. [9] analysed
the direct and indirect energy consumptions of operations and established the evaluation models
for the two kinds of energy consumptions. Rose et al. [10] synthetized carbon emissions index,
production efficiency index, and production benefit index into a carbon benefit index, and used
it to compute the economic benefits per unit time and per unit carbon emissions. Jagadish, Ray
[11] constructed a multi-objective green scheduling model, set up the sub-model for each
objective, and put forward a green scheduling strategy based on the set of sub-models. Deng et
al. [12] analysed the features of the production process, estimated the carbon emissions
efficiency of process route, and maximized the efficiency with the non-dominated sorting
genetic algorithm (NSGA).
Job-shop scheduling aims to achieve the optimization objectives by arranging the
processing sequence of jobs on the machines according to the pre-set process route and
determining the start and end times of each operation. To realize sustainable development, both
green indices and efficiency indices should be considered in job-shop scheduling. As a result,
the multi-objective energy-saving JSP has become a research hotspot. Vila et al. [13] explored
the effects of energy-saving scheduling strategy on time and energy consumption, and
developed a green genetic algorithm (GA) to solve the multi-objective energy-saving JSP,
revealing that the use of low-energy machines can effectively reduce energy consumption.
Yildirim and Mouzon [14] drew two important conclusions by analysing the relationship among
energy consumption, processing time, and robustness: there are a clear correlation between
robustness and energy consumption, and an obvious trade-off between robustness, energy
consumption, and makespan. Lu et al. [15] designed a local search strategy to improve the local
search performance of the GA. Moradi et al. [16] adopted to NSGA to solve the JSP with
minimal energy consumption and total weighted tardiness. Zhang and Wu [17] created a jobshop scheduling model for machine energy consumption in different stages and solved the
problem with simulated annealing (SA) algorithm. Lee et al. [18] constructed a job-shop
scheduling model to optimize the energy consumption of machines in idle state and proved that
minimizing that energy consumption helps to reduce the environmental impact of the
production process. Gu et al. [19] designed an energy consumption model considering machine
speed and presented a low-carbon scheduling algorithm considering makespan and energy
consumption, aiming to solve flexible job-shop scheduling problem (FJSP). Akbari et al. [20]
proposed a multi-objective bee colony algorithm (BCA) to improve the energy efficiency and
production efficiency of the welding shop problem. Targeting the hybrid flow shop scheduling
problem (HFSP), Khalili [21] put forward a multi-objective problem model with makespan,
cost, and energy consumption as the optimization objectives, and improved the GA to solve the
model.
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3. MULTI-OBJECTIVE ENERGY-SAVING FJSP
The scheduling process can be generally divided into three stages: feature sequencing, operation
selection, and machine selection. The scheduling in the three stages could be highly flexible
[22-25].
For convenience, the processing information of each job in the flexible job-shop scheduling
is presented in Table I. The job has five processing features, each of which can be processed
through one or several operations. Each operation needs to be executed on one of multiple
available machines. The operations of a job can be expressed as a set {P1, P2, …, P12}, where
Pi is the ith operation.
Table I: The processing information of a job.
Features Operations Optional machines Processing time Constraint
F1
F2
F3
F4
F5

P2
P3-P5
P6-P8
P9-P11
P12

M1, M3
M2, M3 / M4, M5
M3, M4
M1, M2 / M3, M5
M5, M6

3.4
2,3 / 4,6
4,5
2,4 / 3,6
4,5

Before F5
Before F5

3.1 Problem description
Scheduling aims to determine the sequence and machine for each operation. For the multiobjective energy-saving FJSP, two objectives need to be realized simultaneously: minimizing
the total makespan and total carbon emissions. The following hypotheses were put forward for
the problem:
(1) The machine for each operation is fixed.
(2) Each job is transmitted by an electric forklift between machines, and thus the energy
consumption only depends on the transmission time.
(3) The carbon emissions are constant during the starting, preheating, and shutdown of each
machine.
(4) If two adjacent operations are not executed on the same machine, and if the
makespan exceeds the pre-set time, the current machine will be shut down.
(5) The operating power remains constant as an operation is being executed on a machine.
Based on the above hypotheses, the two objective functions can be established as:
• Minimizing the total makespan fmin(T)
𝑓𝑚𝑖𝑛 (𝑇) = 𝑃(𝑇) + 𝐶(𝑇)
(1)
where, P(T) is the processing time of each process; C(T) is the transmission time of jobs on
each machine.
𝑃(𝑇) = ∑𝑁
(2)
𝑖=1 𝑃(𝑇𝑖 )
where, N is the number of operations in the process route; P(Ti) is the processing time of the ith
operation in the process route.
If two adjacent operations in the process route are executed on different machines, the job
must be transmitted from the machine of the current operation to that of the next operation. The
transmission time can be calculated by:
𝐶(𝑇) = ∑𝑁−1
𝑖=1 𝐶(𝑇𝑀𝑖 ,𝑀𝑖+1 ) × 𝛿(𝑀𝑖 , 𝑀𝑖+1 )

(3)

where, Mi and Mi+1 are the machines for the ith and (i+1)th operations, respectively; 𝐶(𝑇𝑀𝑖 ,𝑀𝑖+1 )
is the transmission time from Mi and Mi+1.
If 𝑀𝑖 ≠ 𝑀𝑖+1 , then 𝛿(𝑀𝑖 , 𝑀𝑖+1 )=1; otherwise, 𝛿(𝑀𝑖 , 𝑀𝑖+1 ) = 0.
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During job processing, the sources of carbon emissions include machines, cooler, and
transport vehicle (i.e. the electric forklift). Hence, the objective function to minimize the total
carbon emissions can be expressed as:
• Minimizing total carbon emissions fmin(C)
𝑓𝑚𝑖𝑛 (𝐶) = 𝐶(𝑚) + 𝐶(𝑐𝑜𝑙𝑑) + 𝐶(𝑐𝑣)
(4)
where, C(m), C(cold), and C(cv) are the carbon emission of machines, cooler, and transport
vehicle:
𝐶(𝑚) = α(𝐸𝑠 + 𝐸𝑝 )
(5)
where, Es and Ep are the system energy consumption and load energy consumption of machines,
respectively; α is the electric energy emissions factor.
𝐶(𝑐𝑜𝑙𝑑) = ∑𝑀
𝑗=1

∑𝑁
𝑖=1 𝑃(𝑇𝑖𝑗 )×𝛿𝑖𝑗
𝑇𝑗

× α𝐿𝑖

(6)

where, Li is the fuel consumption of machine i during job processing; Tj is the fuel change cycle
on machine i,
𝐶(𝑐𝑣) = 𝑃𝑐𝑣 × ∑𝑁−1
(7)
𝑖=1 𝐶(𝑇𝑀𝑖 ,𝑀𝑖+1 ) × 𝛿(𝑀𝑖 , 𝑀𝑖+1 )α
where, Pcv is the transmission power of electric forklift.
3.2 Problem solving by NSGA-II
NSGA-II [26] is a fast non-dominated scheduling algorithm for multi-objective optimization
problems. This subsection introduces how to solve multi-objective energy-saving FJSP with
the NSGA-II as the optimizer. The solving process is illustrated in Fig. 1 below.

Figure 1: The workflow of solving multi-objective energy-saving FJSP with the NSGA-II.
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The solution space of the multi-objective energy-saving FJSP is treated as a population, in
which each individual represents a scheduling plan. According to the multidimensional coding
scheme, each individual contains a feature string, an operation string, and a machine string.
The feature string is initialized to adjust the sequence of features randomly. Of course, the
feature sequence must satisfy the precedence constraints on different features. If the feature
sequence is infeasible, it must be converted into a feasible sequence.
The operation string is initialized as follows: if feature Fn is at the kth position of the job,
there are m optional operations. Then, random integers are generated between 1 and m, and
inserted to the kth position of the operation sequence.
The machine string is initialized in a similar manner as the operation string.
The evaluation of individual fitness and selection are evaluated by two methods: fast nondominated sorting and crowding distance.
Each individual in the population is assigned a non-dominated rank through rapid nondominated sorting. For the population of m individuals, it is assumed that ni individuals are
dominated by the ith individual, and the individuals dominating others form a set si. The process
of rapid non-dominated sorting is as follows:
Step 1. Compare the fitness values of the individuals (fitness equals the sum of total
makespan T and total carbon emissions C), count the number of non-dominated individuals q
(ni = 0, 𝑖 ∈ {1, … , 𝑞}), and set these individuals to level 1 (irank = 1).
Step 2. Determine the sk (𝑘 ∈ {1, … , 𝑞}) of each individual on level 1, judge whether the
𝑛𝑡 − 1 of each individual t in sk equals 0, and set the individuals with nk-1 = 0 to level 2.
Step 3. Repeat Step 2 until all individuals are set to the corresponding rank.
Then, the individuals on the same level are subjected to fitness comparison based on
crowding distance. The crowding distance of each individual is calculated as follows:
Step 1. Set the crowding distance 𝑖𝑑 of all individuals in the population to 0.
Step 2. Rank the individuals in descending order of total makespan T, rank them again in
descending order of total carbon emissions C, and set the crowding distance of boundary
individuals as infinite. Then, the crowding distance of other individuals can be calculated by:
𝑖+1
𝑖 𝑑 = ∑𝑚
− 𝑓𝑗𝑖−1 |)
𝑗=1(|𝑓𝑗

(8)

where, m is the total number of objective functions; id is the crowding distance of the ith
individual; 𝑓𝑗𝑖+1 and 𝑓𝑗𝑖−1 are the jth objective function values of the (i+1)th and (i–1)th
individuals, respectively.

4. OPTIMIZATION OF MULTI-OBJECTIVE ENERGY-SAVING JOBSHOP SCHEDULING
This section explores the multi-objective energy-saving FJSP and establishes a multi-objective
energy-saving job-shop scheduling model, aiming to minimize the maximum makespan, total
carbon emissions, and maximum total tardiness. In addition, the NSGA-II was improved to
solve the established model.
4.1 Multi-objective energy-saving job-shop scheduling model
Multi-objective energy-saving job-shop scheduling can be described as follows: in a job-shop,
n jobs need to be processed on m machines. Each machine has three working states: processing
state, idle state, and adjustment state (during job change). The working state of each machine
is greatly affected by the makespan of the jobs, the total carbon emissions of the process route,
and other performance indices.
The following items are known in advance: the operations and operation sequence of each
job; the machine and processing time of each operation; the energy consumption of each
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operation; the number of operations of all the jobs to be processed on each machine. However,
the operation sequence on each machine is unknown.
Table II shows a multi-objective energy-saving FJSP with three jobs and three machines.
The ultimate goal of the problem is to determine the operation sequence on each machine, and
the starting time of each operation.
Table II: An example of multi-objective energy-saving FJSP.
Machines (processing time, energy consumption)
Jobs
O1
O2
O3
J1
𝑀2 (3, 1.3)
𝑀1 (2, 1.5)
𝑀3 (2, 2.6)
J2
𝑀3 (2, 1.4)
𝑀2 (4, 2.5)
𝑀1 (4, 1.7)
J3
𝑀1 (1, 2.5)
𝑀2 (2, 2.8)
𝑀3 (3, 2.8)

In this paper, the multi-objective energy-saving job-shop scheduling needs to fulfil three
objectives: minimizing maximum makespan (TCmax), minimizing total carbon emissions
(CEmax), and minimize total tardiness (TAmax). The scheduling process must conform to the
following hypotheses:
(1) The machine for each operation of a job is fixed.
(2) If adjacent operations on the same machine belong to the same job, there is no need for
adjustment; if adjacent operations on the same machine belong to different jobs, it is necessary
to make an adjustment.
(3) Once started, a machine cannot be shut down until completing all the operations
assigned to it.
(4) The operating power remains constant as an operation is being executed on a machine.
(5) The same machine can only process one job at a time.
(6) Each job can only be processed on one machine at a time.
(7) The processing cannot be interrupted.
(8) There is no sequence constraint between operations.
Under the above hypotheses, the objective functions can be defined as:
(1) f1: Minimizing the maximum makespan
𝑀𝑖𝑛 𝑇𝐶𝑚𝑎𝑥 = {max 𝑇𝐶𝑖 , 𝑖 = 1, … , 𝑛}
(9)
where, TCi is the makespan of job Ji.
(2) f2: Minimizing total carbon emissions
During job processing, the carbon emissions can be divided into those generated from
machines in processing state CEp, those generated from machines in idle state CEi, those
generated from machines in adjustment state CEf, and those generated from fuel consumption
CEc:
𝐶𝐸𝑚𝑎𝑥 = 𝐶𝐸𝑝 + 𝐶𝐸𝑖 + 𝐶𝐸𝑓 + 𝐶𝐸𝑐
(10)
(3) f3: Minimizing total tardiness
To reduce the total tardiness of all jobs and improve consumer satisfaction, this objective
function can be defined as:
𝑀𝑖𝑛 𝑇𝐴𝑚𝑎𝑥 = ∑𝑛𝑖=1 max (0, 𝑇𝐶𝑖 − 𝑑𝑖 )
(11)
where, di is the delivery date of job Ji.
The multi-objective energy-saving job-shop scheduling is constrained by the following
factors:
(1) The operations of the same job must satisfy the following constraint:
𝐶𝑇𝑖,𝑗 − 𝑃𝑇𝑖,𝑗 + 𝑀(1 − 𝑌𝑖 (ℎ, 𝑗)) ≥ 𝐶𝑇𝑖,ℎ , 𝑖 ∈ {1, 2, … , 𝑛}, 𝑗, ℎ ∈ {1, 2, … , 𝑚}
(2) The jobs on each machine must satisfy the following constraint:
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𝐶𝑇𝑖,𝑗 − 𝐶𝑇𝑠,𝑗 + 𝑀 (1 − 𝑋𝑗 (𝑖, 𝑠)) ≥ 𝑃𝑇𝑖,𝑗 , 𝑖, 𝑠 ∈ {1, 2, … , 𝑛}, 𝑗 ∈ {1, 2, … , 𝑚}

(13)

(3) The job makespan must be greater than the sum of the starting time and processing time:
𝐶𝑇𝑖,𝑗 > 𝑆𝑇𝑖,𝑗 + 𝑃𝑇𝑖,𝑗 , 𝑖 ∈ {1, 2, … , 𝑛}, 𝑗 ∈ {1, 2, … , 𝑚}
(14)
(4) The starting time of the current job on the machine must be greater than the sum of the
makespan of the previous job and the adjustment time:
𝑆𝑇𝑘,𝑗 ≥ 𝐶𝑇𝑘−1,𝑗 + 𝑡𝑓𝑘−1,𝑘,𝑗 , 𝑗 ∈ {1, 2, … , 𝑚}
(15)
where, CTi,j is the ending time of job Ji on the ith machine; STi,j is the starting time of job Ji on
the jth machine; PTi,j is the processing time of job Ji on the jth machine; M is a sufficiently large
positive number; Yi (h, j) and Xj (i, s) are decision variables.
4.2 Improvement of the NSGA-II
Considering the features of multi-objective energy-saving FJSP, this paper designs a local
search strategy based on N5 neighbourhood structure and non-dominated sorting and relies on
them to improve the NSGA-II to solve the problem.
Specifically, the process-based coding [27] was introduced to encode the individuals in the
population. Let n and m be the number of jobs and machines in the multi-objective energysaving FJSP. Then, the chromosome is composed of n×m genes. The serial number of each job
was defined based on the occurrence times of its gene in the chromosome.
For the problem in Table Ⅱ, the gene sequence of one chromosome could be established as
[2 3 1 1 2 3 2 1 3], where 1, 2, and 3 represent job J1, job J2, and job J3, respectively. The values
in the sequence indicate the processing sequence of the jobs.
In the NSGA-II, fast non-dominated sorting and crowding distance are adopted to evaluate
the fitness of individuals in the population. The individual fitness is negatively correlated with
the non-dominated level. For the individuals on the same level, their fitness values increase
with the crowding distance.
The crossover of individuals was carried out by the POX method [28]. Let P1 and P2 be
the parent chromosomes, and C1 and C2 be the child chromosomes after POX crossover. Then,
the POX crossover can be realized through the following steps:
Step 1. Randomly divide all jobs into two non-empty subsets S1 and S2.
Step 2. Copy the jobs in S1 of P1 into C1 and copy the jobs in S1 of P2 into C2, without
changing their gene positions.
Step 3. Copy the jobs in S2 of P2 into C1 and copy the jobs in S2 of P1 into C2, without
changing their gene positions.
To enhance the local search ability of NSGA-II, this paper designs an individual local
search strategy based on N5 neighbourhood structure and non-dominated sorting. The moving
operation of N5 consists of two parts: the first part swaps the first operation and the subsequent
operation of the machine; the second part swaps the last operation and the previous process of
the machine. The first, last, previous, and subsequent operations of the machine are key blocks
on the process route. Each part of the moving operation generates a new neighbourhood solution.
The moving operation is explained in Fig. 2.

Figure 2: The moving operation of N5 neighbourhood structure.
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The proposed local search strategy combines non-dominated sorting method with N5
neighbourhood structure. By this strategy, the individuals meeting the multiple optimization
objectives can be searched locally, and the non-dominated level of the current individual can
be improved, making it possible to find more non-dominated solutions. The local search
strategy can be implemented in the following steps:
Step 1. Count the total number of individuals in the current population (pn), i = 1, where i
is the serial number of the current individual.
Step 2. Generate the individuals Ti in the neighbourhood of the current individual i through
the first moving operation of N5 neighbourhood structure.
Step 3. Decode each neighbourhood individual Ti to obtain its objective function value. If
the value is smaller than that of the current individual i, then neighbourhood individual Ti
dominates individual i. In this case, replace the neighbourhood individual Ti with individual i.
Otherwise, retain individual i.
Step 4. Generate the individuals Ti in the neighbourhood of the current individual 𝑖 through
the second moving operation of N5 neighbourhood structure.
Step 5. Decode each neighbourhood individual Ti to obtain its objective function value. If
the value is smaller than that of the current individual i, then neighbourhood individual Ti
dominates individual i. In this case, replace the neighbourhood individual Ti with individual i.
Otherwise, retain individual i.
Step 6. Perform i = i + 1, and judge whether i is greater than pn. If yes, terminate the local
search; otherwise, go back to Step 2.

5. SIMULATION AND RESULTS ANALYSIS
Due to the lack of benchmark test examples for multi-objective energy-saving FJSP, this paper
designs ten groups of examples (Table III) for simulation and compares the effectiveness of the
improved NSGA-II with the original NSGA-II. Table IV shows the adjustment times of each
machine. Table V lists the simulation parameters of the improved NSGA-II.
Table III: The 10 groups of examples.
Size

Jobs

4×6
6×6
10×6
20×6
6×10
10×10
15×10
20×10
25×10
25×10

J1-J4
J1-J6
J1-J10
J1-J10
J1-J6
J1-J10
J1-J10
J1-J10
J1-J5
J1-J10

Table IV: The adjustment times of each machine.
Job
J1
J2
J3
J4
J5
J6
J7
J8
J9
J10

J1
0
2
2
2
2
2
2
2
2
2

J2
3
0
4
4
4
4
4
4
4
4

J3
4
4
0
6
6
6
6
6
6
6

J4
3
3
3
0
3
3
3
3
3
3

J5
2
2
2
2
0
2
2
2
2
2
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J6
2
2
2
2
2
0
1
1
1
1

J7
4
4
4
4
4
4
0
3
3
3

J8
3
3
3
3
3
3
3
0
5
5

J9
2
2
2
2
2
2
2
2
0
2

J10
3
3
3
3
3
3
3
3
3
0
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Table V: The simulation parameters of the improved NSGA-II.
Parameters
Initial population size N
Selection probability ps
Crossover probability pc
Mutation probability pm
Pareto solution size
Maximum number of iterations

Value
200
0.025
0.75
0.12
30
150

The improved NSGA-II and NSGA-II were separately used to calculate the 10 groups of
examples. For each group, the program was run independently for 50 times, and the Pareto
solutions obtained by the two algorithms in the 50 independent simulations were counted,
respectively. The number of Pareto solutions calculated by the two algorithms is shown in Table
VI.
Table VI: The number of Pareto solutions calculated by the two algorithms.
Size

Improved NSGA-II

NSGA-II

4×6
6×6
10×6
20×6
6×10
10×10
15×10
20×10
25×10

2
17
66
58
11
33
52
57
77

1
8
31
46
9
27
41
52
121

Table VII: The sorted calculation results.
Size

The number of Pareto solutions Improved NSGA-II NSGA-II

4×6
6×6
10×6
20×6
6×10
10×10
15×10
20×10
25×10

2
8
14
56
10
31
49
52
77

2
6
9
55
7
29
46
50
77

0
2
5
1
3
2
3
22
0

Based on the data in Table VI, all Pareto solution sets obtained by the two algorithms for
each group were combined, and the non-dominated solutions in the combined solution sets were
counted (Table VII).
As shown in Table VII, the non-dominated solutions after sorting came from the solutions
obtained by the improved NSGA-II, and most of the decomposition of the NSGA-II was
dominated by the solutions of the improved NSGA-II. The Pareto solutions found by the
improved NSGA-II had a higher non-dominated level than those found by the original NSGAII.

6. CONCLUSIONS
This paper mainly attempts to find a suitable solution to the multi-objective energy-saving
FJSP. For this purpose, a multi-objective optimization model was established to minimize
the maximum makespan, total carbon emissions, and total tardiness. Then, the NSGA-II was
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improved by designing an individual local search strategy based on N5 neighbourhood structure
and non-dominated relationship. Ten groups of examples were created to test the improved
NSGA-II and NSGA-II, respectively. The effectiveness of the improved NSGA-II in solving
the multi-objective energy-saving FJSP is verified by comparing the results.
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