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Abstract: With the rise of the concept of green manufacturing, incorporating energy consumption-related objectives into
scheduling problems has become an important research field. Combined with actual production scenarios, this study
constructs a mathematical model for the Multi-Objective Flexible Job Shop Green Scheduling Problem (MO-FJGSP),
which aims to minimize the makespan, total energy consumption, and total carbon emissions. To address the limitation of
the traditional Genetic Algorithm (GA) in terms of insufficient local search capability, an Adaptive Genetic Algorithm
(AGA) is designed to solve the model. A population initialization method that integrates global and local load minimization
is proposed to accelerate the elimination of inferior individuals; the elite retention and roulette wheel selection strategies
are combined to prevent the algorithm from falling into local optima. Simulation tests based on standard benchmark
instances show that the improved GA can effectively solve the MO-FIGSP, significantly improving both the solution speed
and quality. This study provides a novel methodological approach to optimizing production scheduling in green
manufacturing environments.
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1. Introduction

Against the backdrop of intelligent manufacturing and Industry 4.0, the pursuit of intelligent lean production has become
essential for manufacturing enterprises to strengthen their core competitiveness. Workshop scheduling, as a key method
for production optimization and control, plays a crucial role in management decision-making and resource allocation. With
the development of intelligent manufacturing systems, the traditional Job Shop Scheduling Problem (JSP) can no longer
meet the scheduling requirements in actual production activities. Practical production scheduling needs to comprehensively
consider the interactions and constraints among multiple performance indicators such as makespan, total tardiness,
processing load, and cost minimization. Therefore, the complexity of solving such problems has significantly increased
(Wang et al., 2021).

The MO-FJGSP is a typical problem in production scheduling. It overcomes the limitations of the specified processing
machines and times in JSP and offers features such as multiple indicators, flexibility in process routes, and uncertainty in
processing machines, providing greater flexibility. Each operation can be performed on different machines, and the
sequence of operations for each job may also vary. Compared with the JSP, this approach aligns more closely with
enterprises' actual production conditions. It is increasingly suitable for today’s production mode, which involves small
batches, multiple varieties, and multi-resource allocation, helping to achieve specific production goals, such as minimizing
production costs and processing time. An efficient and well-designed green workshop scheduling scheme can help
enterprises effectively reduce costs, conserve energy, and reduce emissions.
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The MO-FJGSP is NP-hard, and traditional numerical solution methods struggle to solve it within a reasonable time
(Nouiri et al., 2018). With the continuous development of artificial intelligence technology, evolutionary algorithms have
become extremely effective methods for solving the MO-FJGSP (Azzouz et al., 2017), such as the weed optimization
algorithm, TS algorithm, GA, DE algorithm, firefly algorithm, PSO algorithm, SA algorithm, polynomial graph algorithm,
greedy algorithm, and ant colony algorithm. Intelligent algorithms can effectively schedule diverse resources and rationally
allocate production processes, ultimately optimizing production performance, enhancing operational efficiency, reducing
manufacturing cycles, lowering production costs, and ensuring stable production operations.

Currently, researchers have achieved research results by using these heuristic optimization algorithms. Paredis (1992)
was the first to apply the GA to solve the FISP. Luo and Qian (2020) improved the swap crossover operator and insertion
mutation operator in the GA, which are prone to generating invalid solutions. They used cosine similarity to measure
individual similarity, avoiding the loss of population diversity during the operation. Additionally, they applied the min-
max method to constrain the multi-objective scheduling model and conducted simulations on MO-FJSP instances. Luo et
al. (2019) addressed the low-carbon scheduling of the multi-objective FISP using an improved grey wolf optimization
algorithm. Huang et al. (2017) established a model for the permutation FISP aiming to minimize makespan and total delay
time, and proposed an improved chaotic weed algorithm to solve it. Amiri et al. (2019) considered uncertainty in resource
allocation and job sequencing, formulated an MO-FJSP model, and solved it using a combinatorial optimization strategy.
Fattahi and Fallhl (2010) considered the dynamic insertion scheduling of machines and jobs, established a dynamic
scheduling model for multi-objective optimization, and used a GA to solve it. Ai and Lei (2017) used total carbon
emissions as the optimization objective, formulated the corresponding low-carbon FISP, and proposed a new shuffled frog-
leaping algorithm to solve it.

GA has the advantages of simple implementation, strong versatility, fast convergence, and good robustness. Moreover,
its inherent parallel characteristics enable more efficient distributed computing, making it one of the most popular
algorithms for solving the MO-FJGSP at present (Brucker and Schlie, 1990). However, the traditional GA has many
drawbacks, such as slow execution and a tendency to fall into local optima during later stages of the algorithm. Therefore,
when applying the GA to solve the MO-FJGSP, researchers worldwide have proposed numerous improvements to address
these limitations. For example, in response to the algorithm's deficiencies, new strategies have been introduced. Wang et
al. (2022) proposed an adaptive NSGA-II (Non-dominated Sorting Genetic Algorithm II) in which the crossover and
mutation probabilities are dynamically adjusted across different stages of the algorithm. Subsequently, they adopted the
Inter-Population Crossover (IPOX) and the improved Machine Assignment and Job Processing Sequence Crossover (MPX).
These two operators perform crossover operations at the operation and machine layers, respectively, thereby significantly
enhancing the computational efficiency and solution accuracy of the Non-dominated Sorting Genetic Algorithm-II (NSGA-
II). This approach guaranteed the optimal scheduling scheme for multi-objective flexible job shops. To address the problem
of encoding and decoding affecting uniformity in subsequent genetic operations, Park et al. (2021) proposed a unified GA
that enhanced the algorithm’s solution efficiency. Beldjilali et al. (2014) improved the coding method by adopting an agent
network structure and independently designing crossover and competition operators, thereby enhancing GA performance.
Luo et al. (2020) improved the initialization method, accelerated convergence, proposed a new mutation operation, and
enhanced the algorithm's performance. Zhang et al. (2021) adopted a new encoding and decoding approach, enhanced the
initialization method, and employed techniques such as quantum mutation, thereby further improving algorithm
performance.

In terms of integration with other algorithms, Li et al. (2020) integrated AGA with variable neighborhood search and
simulated annealing and demonstrated the effectiveness of the proposed method through simulation experiments. Fekih et
al. (2020) combined GA with TS to optimize the algorithm's solution performance. Burke et al. (2013) developed a genetic
programming hyper-heuristic approach based on ant colony optimization for solving the hybrid flow shop scheduling
problem. The method evolved scheduling rules via offline genetic programming and selects them through ant colony
optimization. Su and Zhang (2017) introduced a hyper-heuristic cross-entropy algorithm to address the problem of fuzzy
distributed green flow shop scheduling.

Focusing on the actual JSP, this study constructs a mathematical model for the MO-FJGSP, with optimization objectives
that include minimizing makespan, total machine energy consumption and total carbon emissions. Among these objectives,
energy consumption, as a green production indicator, is incorporated into the multi-objective optimization system alongside
the aforementioned goals. This setting overcomes the limitation that traditional scheduling models primarily focus on time
and efficiency indicators and aligns more closely with the current practical needs of green and sustainable development in
the manufacturing industry. At the level of algorithm improvement, this study proposes an improved AGA to address this
problem, enhancing the algorithm's ability to explore complex solution spaces and improve optimization accuracy, thereby
providing a more efficient solution path for the MO-FJGSP. While ensuring makespan, this method has important
theoretical significance and practical value for improving enterprise production efficiency, reducing production costs, and
enhancing resource utilization.

2. Problem Description and Mathematical Model
2.1. Problem Description
MO-FJGSP is an important research topic in combinatorial optimization and production control. This problem can be

described as follows: there exist n types of workpiece combinations, denoted as J = {JI,J FURETI 4 --,Jn}. Each

i

workpiece J ; needs to go through n; processing operations, and the machine used for each operation is selected from
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the machine set {MlaMza"'aMka"'aMm} consisting of m machines. The core objective of MO-FIGSP is to

determine the appropriate processing machine and sequence for each operation through effective scheduling strategies to
optimize makespan, total energy consumption, and total carbon emissions. Due to the greater uncertainty of the MO-FJGSP,
some reasonable assumptions must be made based on the actual production process before modeling the problem.

Assumption 1: In the initial stage, the machines are idle, and all job materials have been prepared.

Assumption 2: There are precedence relationships among the operations of the same job, and these relationships will
not change during production and processing.

Assumption 3: Different jobs are considered independent and equal in priority, with no constraint relationships among
them. The scheduling follows the principle of minimizing overall completion time.

Assumption 4: The job's processing is continuous and uninterrupted.

Assumption 5: Each machine can process only one operation of one job at a time. There is no one-to-many relationship,
and processing times may vary across machines.

Assumption 6: Machines can be in an idle state, but they cannot perform overlapping processing.
Assumption 7: Machines will not malfunction during operation.

Assumption 8: Each operation can be processed only once by a single machine, but it is eligible for assignment to one
of multiple alternative machines.

2.2. Mathematical Model

Based on the research hypothesis, the symbols and definitions used to describe the MO-FIGSP are shown in Table 1.
Considering the production efficiency, energy consumption, and carbon emissions factors in the manufacturing process of
green flexible job shop scheduling, the optimization objectives are set to the makespan, total machine energy consumption,
and total carbon emissions. Therefore, the mathematical expression of the MO-FIGSP model is constructed as follows:

Objective 1. Minimize the makespan

The makespan refers to the completion time of the last operation. It is the most fundamental optimization indicator in
scheduling research and is crucial for enterprises to effectively shorten the production cycle. The completion time is
calculated as shown in Eq. (2).

F, =min(C,, )= min(max(Eﬁk ))

max

M
Objective 2. Minimize the total energy consumption

The electrical energy consumed by the processing machine is divided into energy consumed during processing and
during standby. This study first calculates the processing time of the workpieces and then separately calculates the electrical
energy consumption during processing and standby. The sum of these two parts of electrical energy consumption is the
total electrical energy consumption.

The processing time for each operation is determined by the selected processing machine, as shown in Eq. (2). The
standby time before processing is given by Eq. (3).

1 T exists
10 TP doesnotexist
Ji
2
Tjjk = Sjik —E 3)

The electrical energy consumption of the processing machine in the processing and standby states is shown in Egs. (4)
and (5), respectively.

m n N

Er =YY (RT}) @
k j i

m n N

E, =" (PTy) 5)
kojoi
Then the calculation formula for total energy consumption is shown in Eq. (6).

F,=minE, = min(E,Z +E;1) (6)
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Table 1. Related mathematical notations and their definitions

Symbol Definitions
n Number of workpieces
T Job set{Jl,Jz,---,Jj,---,Jn} ,where J, is the last job.
© j 0,,0,,+,0,,+,0 0, i
Operation set 15 Ojas 5 Oy, O 1 where i, 18 the last
operation of the job.
19 " The i-th operation of job j is processed on machine k.
ji
Oj.l.,k. The immediate predecessor operation of Ojl.k on machine k
m The number of machines
M Machine set {MI,M,“-,Mm,-“,Mm}
M i The optional processing machine set for operation 0 i
Tffk The processing time of operation Oﬁk
B{p The rated power of machine k in processing state
Bj The rated power of machine k in standby state
F Electricity emission factor
e
Ff Fossil fuel emission factor
M,:V The mass of waste generated by machine k per unit time
F" The mass of fossil fuel required by machine k to process a unit mass of
k waste
& A very large positive number
S Jik The processing start time of Oﬂk
E ik The processing completion time of O ik
T;ﬁk The standby time of Oiik before processing; if there is no such standby
time, it is 0.
X . Binary decision variable: if the i-th operation of job j is processed on
Jt . . ..
machinek, X = 1; otherwise, it is 0.
nyk Binary decision variable: if the i-th operation of job j generates waste on
Ji . ) . o
machine k, X ﬁk =1, otherwise, it is 0.
Yi'i'/‘ik Binary decision variable: if Machine k processes O i immediately after
finishing 0 s Yj,l-., i = 1; otherwise, it is 0.
Makespan
Cmax p
E Total energy consumption
m
E? Energy consumption of a machine in processing state
m
ES Energy consumption of a machine in standby state
m
CE Total carbon emissions
CE Carbon emissions generated by processing machines
m
CE Carbon emissions generated by waste
w
K Objective function of the maximum makespan
F, Objective function of total machine energy consumption
£ Objective function of total machine carbon emissions
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Objective 3. Minimize the total carbon emissions

The carbon emissions of the workshop in this study come from processing machines and the waste generated by the
processing of handling machines. Among them, the electrical energy consumption of processing machines is converted
into carbon emissions by multiplying it by the electrical energy emission factor, as shown in Eq. (7).

(N

However, for the waste generated by handling machines, its corresponding carbon emissions need to be calculated

based on the processing time during which the machine produces processing waste, combined with the waste mass

generated per unit time, the mass of fossil fuels required to treat per unit mass of waste, and the fossil fuel emission factor,
as shown in Eq. (8).

CE, =Y Y3 (T Xl - M) -F-F,)
ko j i

(®)
The calculation formula for total carbon emissions is given in Eq. (9).
F, =min CE = min(CE,, + CE,)) ©)
Subject to (s.t.):
Ejik >Sjl.k,j€.],l'€0,k€M (10)
Ey=S8,+T},jeJ,ieO,keM 1)
Sjik = max{Ej(,-_,)k,E_;wk'} ’j € J,i € O,k eM (12)
Sjik > Ej'i'k' _(I_Y/’tjjik)gajaj' €eJti'eOkeM (13)
X, =1
; " (14)
(X, =1}eM, jeJicOkeM 0s)
E,28,+T}.jel,ieOkeM (16)
E,.<C,.j€l,icOkeM
o 17)
(Xﬁk[y}fk) <maxk, ,jeJ,icO,keM
(18)

Among them, Eq. (10) represents the sequence constraint of internal operations of a workpiece. Eq. (11) represents that
the sum of the completion times of an operation is equal to the sum of the start time and processing time of the operation.
Eq. (12) represents that the start time of an operation is determined by the greater value between the end time of the previous
operation of the same workpiece and the end time of the immediate preceding operation of the machine processing this
operation. Eq. (13) indicates that a machine can process only one operation at a time. Eq. (14) states that each operation
can be processed on only one machine. Eq. (15) represents the set of processable operations for each operation. Eq. (16)
represents the completion time constraint of operations. Eq. (17) represents that the completion time of each workpiece
cannot exceed the total makespan. Eq. (18) represents that the accumulated working time of each machine cannot exceed
the maximum completion time of that machine.

3. Adaptive Genetic Algorithm
3.1. Chromosome Coding and Decoding

The chromosomes of the GA adopt a two-segment encoding mode based on jobs and machines (Liu and Yu 2016). This
encoding method can simplify the decoding process. An operation-based encoding scheme is used to determine the
processing sequence of jobs. The length of the encoding equals the total number of jobs in the current batch of workpieces.
Each gene in the encoding represents a workpiece number, and the number of times it appears corresponds to the operation
number for that job. Machine-based encoding is used to obtain the processing machine for each operation. The encoding
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sequence is arranged according to the processing order of the jobs, but does not directly correspond to the operation
encoding.

Table 2 illustrates the flexible scheduling of 3 workpieces on 4 machines. Fig. 1 shows an encoding example for the
MO-FJGSP solution corresponding to Table 2, which represents a feasible solution to the optimization problem. The
chromosome length is equal to twice the total number of operations. In this instance, there are 9 operations in total, so the
chromosome length is 18 genes. When scanning the operation sequence, in the workpiece layer from left to right, the first
“1” refers to the first operation of the workpiece to be processed on the machine, corresponding to “2” in the machine
allocation part; the second “1” represents the second operation of workpiece 1 to be processed on the machine,
corresponding to “1” in the machine allocation part; the third “1” indicates the third operation of workpiece 1 to be
processed on the machine, corresponding to “2” in the machine allocation part. According to the above description, the

operation sequence for the machines M, is O, —O,,, the machines M, are O,;, —O,;— O,;, the machines M,
are 032 —0,,—0,,, and the machine M, is O,,. The solved operation sequence and machine allocation can be
interpreted as follows: {(O,,,M,), (O,,,M)), (O;,,M,), (0,,,M)), (O;.M,), (0;;,M,), (O;,,M;), (O,,,
M;), (O3, . M)}

<——Gene Segments Based on Process Code——®><¢——Gene SegmentS Based on Machine Code—|

13,2 1/3 2,1(3(3 /241|133 ,2]2,3
011 031 021 012 032 021 013 033 034

Fig. 1. Chromosome coding example

Table 2. Flexible scheduling of three workpieces on four machines

Processing Time/min

Workpieces Process M1 D N3 N2
Ol11 14 10 11 --
J1 012 -- -- 9 5
013 9 12 12 18
n 021 11 8 -- --
022 18 10 20 14
031 15 -- 8 18
3 032 -- 12 -- 10
033 14 10 13 --
034 6 -- 4 --

Decoding refers to assigning operations to the corresponding machines based on the chromosome encoding in order to
obtain a feasible scheduling solution. The decoding process is illustrated in Fig. 2, from which the processing machine and
processing time for each operation can be derived. The optimized scheduling Gantt chart, generated from the chromosome
encoding shown in Fig. 1, is presented in Fig. 3.

3.2. Population Initialization

The quality of the initial population has a substantial influence on the solving speed and quality of the GA. Currently, the
random population initialization method is commonly employed. However, it often results in a low-quality initial solution,
an extended solving time, or even the failure to obtain the optimal solution, resulting in imbalanced machine loads. This
study puts forward an initialization method based on the minimum overall load and the minimum local load. For the
machine encoding, it is initialized according to two selection strategies: the shortest overall time and the shortest local
workpiece time. The encoding of the operation part in the initial population is generated randomly.

The minimum overall load strategy implies that when each operation chooses a machine, it takes into account the
available processing time of the current machine. Under the constraint of preserving the operation sequence, the machine
with the shortest overall processing time is selected. The minimum local load strategy refers to selecting, for each operation,
the machine that requires the least processing time. This can effectively enhance the quality of the initial solution for the
machine-selection part, ensure the randomness and diversity of the initial population, and accelerate the convergence rate
of the algorithm, as demonstrated in Tables 3 and 4.

3.3. Evaluation of Fitness Function

The fitness function of GA can quantify an individual's adaptability, evaluate its quality, retain and develop the more fit
individuals in the chromosome, and serve as the basis for selection and evolution. It serves as an important component of
the genetic algorithm. Eq. (19) represents the normalization processing of the objective function.
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ii min ii

’ ll=1,2,3

(19)

max ii minii

procedure code l 3 2 1 3 2 1 3 3

c g .
OHeSpgﬁoéggu}:;reoceSSIHg 011 031 021 012 032 022 013 033 034

(a) Decoding of process code

procedure code 1 3 2 1 3 2 1 3 3

Correspondmgprocessmg 0” ()31 02] ()12 032 022 ()]3 033 034

procedure

()

machine code 2 4 1 1 3 3 2 2 3

corresponding processing M, My, M, M\, My My M» M, M,

machine

Process time 10 18 111120 8 |12]/10]| 4

(b) Decoding of machine code.

Fig. 2. Chromosome decoding example

Machine 4
M, 012‘
M; 03, 02, ‘034‘
M; O \ 03, | Os3
M, TZ] O3
L 1 L 1 >

>

10 20 30 40 Time

Fig. 3. Gantt chart of the decoded scheduling solution

In most cases, the GA calculates the fitness value as the reciprocal of the chromosome’s objective function value. The
higher the fitness value, the better the individual. The fitness function is expressed in Eq. (20).

N 1
f(l)_aFl*JrﬂFz*wﬂ* 20)

Where: F,” Normalized objective function value; F

il max ii

represents the global target maximum; F,

min i

represents
the minimum value; F, represents the current target value; f (i ) represents the fitness value; «, 3,y represents the
weight coefficient, and o+ B +y =1

Assuming that decision-makers have high requirements for environmental indicators and hope to obtain

environmentally friendly decisions (Zhang and Shao, 2023). The selected weight coefficient matrix is [a, £, y] = [0.25,
0.25, 0.5].

When the fitness values of the chromosomes are the same, chromosomes with a lower machine load balance degree are
more likely to be inherited by the next generation, because they have more scheduling space for operations to optimize
fitness. Fig. 4 shows Chromosomes A and B with the same fitness value. Chromosome B has a lower degree of machine
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load balancing, resulting in more idle time on the machine tools for optimization. Therefore, Chromosome B has a higher
quality value.

Table 3. Overall load minimum selection strategy

Machine processing time [0000] [2000] [2400] [2404]
process Oll— 012— 021— 022
Optional machine set M1 M2 M3 M4 M2 M3 M1 M2 M3 M4 M1 M2 M4
Processing time [2634] [4 6] [5374] [658]
Machine selection M1 M2 M4 M1
processing time array [2000] [2400] [2404] [8404]
Machine coding [1000] [1200] [1240] [1241]

Table 4. Local load minimum selection strategy

Procedure code [1000] [1200] [1220] [1221]
process Oll— 021— 022— 0o12
Optional machine set M1 M2 M3 M4 M1 M2 M3 M4 M1 M2 M4 M2 M3
Processing time [2634] [5374] [65 8] [4 6]
Machine selection M1 M2 M2 M1
processing time array [200 0] [2400] [2404] [8404]
Machine coding [1221]
Machine 4 Machine A
M, ©n M, O3; | On
M, Da O1 Oua M O3 O34
M, 0y D1z Os3 M, Ou_ | On | O | Os
M, O O13 M, 013
| | | | » ' ' ' ' >
10 20 30 40 'l'i;w 10 20 30 40 Time
(a) Chromosome A (b) Chromosome B

Fig. 4. Load balancing degree of the same fitness chromosome

3.4. Selection Operator

To enable the GA to develop in a more advantageous direction in the early stages of iteration, this paper proposes an
improved selection strategy. The selection operation determines the selection probability based on individuals' fitness
values. If the fitness value of a new individual exceeds that of its parent, the individual is retained. Then, together with the
remaining individuals, a combined elitism and roulette wheel selection method is applied. The two best and second-best
individuals among the retained new individuals and the parent individuals are directly copied to the offspring, while the
remaining individuals are selected via roulette-wheel selection. This ensures the quality of the selected individuals, prevents
the loss of genes of excellent individuals due to random selection, and tries to retain more excellent individuals. The specific
steps in the operation are shown below.

Step 1: Calculate the fitness value f (1) (i =1, 2, ..., N) according to Eq. (20), where N represents the number of

chromosomes in the population.

Step 2: Taking the fitness value of the chromosome as the basis for calculation, calculating the genetic probability P(i )

according to Eq. (21).

P(i)= S @)
S 1)
AO)

J=1

N
Where: f (i) represents the fitness value of each individual in population f; ; Z f(j) represents the total fitness of
j=1

population f".
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Step 3: Based on the genetic probability P(i) of the chromosomes, the cumulative probability ¢(i) can be obtained.
The expression is shown in Eq. (22).

1= 2 7))

(22)

Step 4: If rand <q(1) , then select individual 1; otherwise, select individual k such that the equation
q(k—1) < rand < q(k) holds. Repeat this operation N times in total.

3.5. Cross Operator

The traditional GA typically uses a fixed crossover probability. In the early stages of evolution, the population contains a
wide variety of individuals but relatively few high-quality solutions. A relatively large crossover probability can enhance
the algorithm’s local search capability and increase population diversity. However, in the later stage of evolution, when an
individual’s fitness exceeds the population’s average fitness, maintaining a high crossover probability may lead to blind
search behavior, slow convergence, or even algorithm stagnation. At this point, a lower crossover probability should be
adopted to accelerate convergence and preserve high-quality solutions. To address this issue, the Adaptive Genetic
Algorithm (AGA) was introduced.

This algorithm divides the population into a high-quality set and a low-quality set according to the fitness values f (i )
of individuals. Let f, be the average fitness value of the population, which £, is represented by a quality coefficient. For
chromosomes in the high-quality set, k£, >0 , and for chromosomes in the low-quality set, k, <0 . The crossover
probability between high-quality chromosomes decreases, while the crossover probability between low-quality
chromosomes increases, thereby accelerating the generation of high-quality solutions (Zhang and Mei, 2019). The
improved crossover probability is shown in Eq. (23).

(2 LS
: (23)

is the average fitness value of the initial population; k, is the

pmc = me‘O -

Where: p
crossover coefficient; &

mel™

is the initial crossover probability; f

mc0 a

k,., are the quality coefficients of the chromosomes undergoing crossover, respectively.

3.6. Mutation Operator

The mutation operation helps maintain population diversity to a certain extent. Traditional mutation operations are applied
with a fixed mutation probability, which may disrupt effective genes in high-quality individuals, leading to premature
convergence and reducing the algorithm's ability to find the optimal solution in later stages. To improve the guidance and
accuracy of the mutation operation, a lower mutation probability should be applied to high-quality individuals to preserve
their excellent genes and further protect them in the population. For low-quality individuals, a higher mutation probability
should be used to make them more adaptable to survival. Therefore, a non-uniform mutation rate P, is introduced, which
increases the GA's mutation rate in the initial stage to more comprehensively and quickly explore the solution space. As
the number of iterations increases, the mutation rate is gradually reduced to enable more precise exploration of the optimal
solution and to achieve better optimization results. The expression for the non-uniform mutation rate is given by Eq. (24).

P, =P, +p[1——ge” j (24)
0 max gen

Where: F, s the initial mutation rate. The range of p is (0,1). The function of p is to control the rate of decrease
in the mutation rate. When the value of p is close to 1, the decreasing speed of the mutation rate will be relatively slow;

when the value of p is close to 0, the rate of decrease in the mutation rate will be relatively fast. For the mutation of

workpiece encoding, a neighborhood search-based mutation operator is employed, while a single-point mutation method
is used for machine encoding. The corresponding operational diagrams are presented in Fig. 5 and Fig. 6.
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Paternal chromosome | 1 | 4 | 3 |2 | 4|3 | 1|23

Progeny chromosome | 1 | 2 | 3 |3 |4 |4 |1 23

114 ,3/3/4|2|1,2)3

\ \ \
112 /3/4/4(3|1, 23

Job coding \ \ \
113 /3/2/4(4|1,2)3

| | |
113344121 ]2]3

Fig. 5. Variation operations based on neighborhood operations at the process level

Paternal chromosome

1 P s]s]a]s]1]2]s]

Machine coding
Progeny chromosome ‘1‘2‘3‘3‘4‘3‘1‘2‘3‘

Fig. 6. Machine coded single point mutation operation

3.7. AGA Process

To address the problem that the traditional GA tends to lose high-quality solutions and easily fall into local optima, this
study adopts the roulette-wheel selection method to accelerate the elimination of inferior genes, thereby improving the
population's convergence speed.

Step 1: Set the relevant parameters and randomly generate an initial population.

Step 2: Encoding and decoding.

Step 3: Adopt the elitist retention roulette wheel selection strategy to select excellent individuals.
Step 4: Calculate the fitness values of the individuals in the population.

Step 5: Perform a uniform crossover on the selected parent generations to update individuals' encodings, then screen
them using the non-uniform crossover rate.

Step 6: Conduct a neighborhood search mutation operation on the workpiece encoding, and adopt a single-point
mutation for the machine encoding. Then apply a non-uniform mutation rate to improve the algorithm's search capability
and stability.

Step 7: Determine whether the termination condition is met. If the maximum number of iterations is reached or the stop
condition is met, terminate the iterative process; otherwise, return to Step 4.

Step 8: Output the results.
4. Computational Experiments

In this study, MATLAB 2021 is used for simulation, and the simulation is run on a PC with Windows 10.0, an Intel Pentium
CPU 4415U processor at 2.30 GHz, and 4 GB of RAM. The basic parameter settings of the improved AGA are shown in
Table 5.

4.1. Performance Analysis of Models

To further verify the performance of the Improved AGA algorithm proposed in this study, tests were conducted on three
benchmark cases (8%8, 10x10, and 15x10) proposed by Kacem, and comparisons were made with the multi-objective
branch and bound (MBB) algorithm proposed by Soto C (2020) for solving multi-objective integer programming problems,
as well as the GA. The optimization objectives are to minimize the maximum completion time (F1), the total energy
consumption of machines (F2), and the total carbon emissions (F3). The comparison of the case results is shown in Table
6.
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Fig. 7. Improved flow chart of GA

Table 5. Configuration of example parameters

Parameter Value Parameter Value
Population size (N) 100 > 0.9
Number of iterations max gen 250 P i 0.6
> 0.2 P.. 0.4
P . 0.05 P 0.001
P 0.8 P, 0.2
Load balancing factor 5 Initial crossover probability P, 0.8
k, k. 0.42 k. 0.1
L 0.1 P, 0.03
k, 0.03 k, Cross probability adjustment parameter 0.7
Variation probability adjustment parameter p 0.6

In Table 6, the number of non-dominated solutions obtained by the AGA algorithm when solving the 8x8 case is 4,
which is more than those obtained by MBB and GA. Moreover, data analysis shows that [15,13,73] and [16,12,75]
outperform the GA solution sets [17,15,73] and [16,13,79]. In the 10x10 case, the number of non-dominated solutions
obtained by AGA exceeds those of both MBB and GA. For the 15x10 case, the number of non-dominated solutions
obtained by AGA is 1 more than that of MBB and GA. It can be concluded that the AGA algorithm can effectively solve
multi-objective optimization problems of varying scales and obtain high-quality solution sets.
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Table 6. Comparison table of Kacem example results

Case Ob;. AGA MBB GA
F1 15 16 16 17 15 17 14 17 16
8x8 F2 13 11 12 11 13 11 10 15 13
F3 73 77 75 75 73 75 78 73 79
F1 8 7 7 - 8 7 - 9 -
10x10 F2 6 6 5 - 6 7 - 8 -
F3 40 41 43 - 43 42 - 40 -
F1 16 12 - - 12 - - 15 -
15%10 F2 10 10 - - 11 - - 12 -
F3 91 93 - - 91 - - 93 -

4.2. Case Application Analysis

Two cases of different scales, 6x6 and 6x8, are selected from the reference (Zhu 2024). The data used is a partial dataset
from the frame longitudinal beam processing operations of an automobile parts manufacturing enterprise (Zhao et al., 2025),
and was solved by AGA/GA. The AGA algorithm is compared with the traditional GA to verify its effectiveness. To
improve the credibility of the comparison results, the basic parameters of the two algorithms are held constant.

Example 1 is a 6x6 example composed of 6 machines and 6 workpieces to be processed, and it is a typical MO-FJGSP
problem. The AGA finds that the makespan is 9, the total energy consumption is 7, and the total carbon emissions are 40.
The corresponding convergence graph and Gantt chart of this solution are shown in Figs. 8 and 9. In Fig. 8, the vertical
axis, ObjV (F1) , represents the completion time, while the horizontal axis (gen) denotes the number of generations.
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Fig. 8. Improved AGA algorithm for convergence of 6x6 results (F1)
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Fig. 9. Improved AGA algorithm for 6x6 Gantt chart results
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Example 2 is a set of 6x8 examples. The value solved by the AGA algorithm is [53 240 256]. The corresponding
convergence graph and Gantt chart of this value are shown in Figs. 10 and 11.
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Fig. 11. The Gantt chart with 6x8 result of AGA is improved

The optimal solutions obtained by the three algorithms are presented in Table 7. While "Average" represents the mean
value of the solutions obtained over ten independent runs.

Table 7. Improved algorithm example result data comparison table

6%6 cases 6x8 cases
algorithm
Optimal Results ~ Average Results  Optimal Results ~ Average Results
Zhu (2024) 11 10.6 55 56.9
GA 11 114 57 60.4
AGA 9 9.8 53 55.2

In Table 7, for the solution of the 6x6 case, the optimal solution obtained by the traditional GA is 11, while the optimal
solution obtained by the improved AGA proposed in this study is 9. Compared with the traditional GA, the optimization
accuracy is improved by 18.2%. For the 6x8 case, the optimal solution reported by Zhu et al. (2024) is 55, while the optimal
value obtained by the AGA proposed in this study is 53. Here, the "optimal solution" denotes the best solution found by
the algorithm. These experimental data demonstrate the effectiveness of the improved algorithm in this study for solving
the FISP.

The AGA converges relatively quickly in the early stages, indicating that the crossover mechanism effectively enhances
the algorithm’s iteration efficiency. In the later stages of the algorithm's iterations, the adaptive adjustment of crossover
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and mutation probabilities enables the improved algorithm to escape local optima and obtain the current optimal solution
for the instance. When solving the 6x6 case, compared with the traditional GA, the AGA achieves a similar number of
generations to converge. However, the improved algorithm in this study has produced better offspring solutions in the same
number of genetic generations, demonstrating a significantly improved optimization efficiency.

5. Conclusion

In this study, a flexible job-shop green scheduling model is developed with multiple objectives, including minimizing the
make-span, total machine energy consumption and total carbon emissions. To solve this problem, an improved AGA is
proposed. This algorithm is improved in aspects such as coding methods, population initialization, crossover and mutation
operations, and selection operations. It effectively improves the quality of the initial solution, prevents the algorithm from
falling into a local optimum in the later stage of evolution, enhances the global search ability of the algorithm, resulting in
faster convergence, and can be adapted to diverse production scenarios across different enterprises by adjusting the weight
coefficients of cost and time. Managers can shift their scheduling decisions from simply pursuing completion time to a
multi-objective trade-off, flexibly selecting solutions that prioritize efficiency, energy saving, or emission reduction using
the Pareto solution set output by the model and adjustable weights. In machine allocation and process scheduling, the
initialization and adaptive strategies proposed in this study can replace experience-based scheduling, reducing idle time
and energy waste. Simultaneously, processing energy consumption, standby energy consumption, and waste carbon
emissions can be incorporated into daily assessments, ensuring that scheduling schemes balance delivery cycles and
environmental footprint.

To verify the effect of the AGA, classic FJSP examples are selected for comparative experiments. Through comparison
of Gantt charts and convergence graphs, it is clear that the improved algorithm is superior to the traditional algorithm in
both convergence speed and the best solution found, thus verifying the feasibility and effectiveness of the improvement.
However, this study focuses solely on static scheduling problems; further research is needed to extend the approach to
more complex scenarios, such as dynamic rescheduling.

Despite the effectiveness of the proposed Adaptive Genetic Algorithm (AGA), we acknowledge certain limitations,
particularly in preserving population diversity. This limitation may affect the algorithm’s ability to explore the solution
space comprehensively in multi-objective scenarios. In future work, we plan to integrate Pareto-based selection
mechanisms, such as non-dominated sorting (e.g., NSGA-II) and crowding-distance techniques, to enhance both the
convergence behavior and the maintenance of diversity of the algorithm. We believe these improvements will further
strengthen the robustness and applicability of the proposed approach in solving complex multi-objective scheduling
problems.
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GA
DE
PSO
SA
AGA
FJSP

Genetic algorithm
Differential evolution algorithm
Firefly algorithm, particle swarm optimization algorithm
Simulated annealing algorithm
Adaptive Genetic Algorithm
Flexible Job Shop Scheduling Problem
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