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Abstract: The multi-stage, multi-level assembly job shop scheduling problem (MsMIAJSP) is com-
monly encountered in the manufacturing of complex customized products. Ensuring production
efficiency while effectively improving energy utilization is a key focus in the industry. For the
energy-efficient MsMIAJSP (EEMsMIAJSP), an improved imperialist competitive algorithm based
on Q-learning (IICA-QL) is proposed to minimize the maximum completion time and total energy
consumption. In IICA-QL, a decoding strategy with energy-efficient triggers based on problem
characteristics is designed to ensure solution quality while effectively enhancing search efficiency.
Additionally, an assimilation operation with operator parameter self-adaptation based on Q-learning
is devised to overcome the challenge of balancing exploration and exploitation with fixed parameters;
thus, the convergence and diversity of the algorithmic search are enhanced. Finally, the effectiveness of
the energy-efficient strategy decoding trigger mechanism and the operator parameter self-adaptation
operation based on Q-learning is demonstrated through experimental results, and the effectiveness of
IICA-QL for solving the EEMsMIA]JSP is verified by comparing it with other algorithms.

Keywords: multi-stage and multi-level; assembly job shop; energy-efficient scheduling; decoding
design; Q-learning

1. Introduction

Since the manufacturing industry is one of the most energy-intensive sectors, the ques-
tion of how to effectively improve energy efficiency while maintaining production efficiency
is currently a major focus within the industry [1]. Energy-efficient scheduling (EES) utilizes
limited resources to rationally arrange production and optimize the production process,
which is an effective way to effectively reduce the energy consumption in manufacturing
systems [2]. Recently, EES has been successfully applied to various scheduling problems in
discrete manufacturing industries, yielding positive results.

As an extension of the classic job shop scheduling problem (JSP), the multi-stage, multi-
level assembly job shop scheduling problem (MsMIAJSP) not only involves multiple stages
of production from processing to assembly but also considers complex assemblies com-
posed of multiple jobs with a tree-like multi-level structure consisting of components and
subassemblies [3]. It plays an important role in quickly responding to the manufacturing of
customized products with multi-variety and small batches.

However, as the complexity of the problem increases, leading to more product struc-
tural levels and manufacturing stages, constraints become more complex. This results in
idle time between and within stages, significantly increasing idle energy consumption [4].
Therefore, further research is needed to explore the energy-efficient multi-stage, multi-level
assembly job shop scheduling problem (EEMsMIAJSP) for complex multi-level products.
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The EEMsMIAJSP is highly complex with a vast solution space, presenting challenges
for efficient resolution. Currently, solutions to such complex energy-efficient scheduling
problems typically focus on two main areas: energy-efficient strategies and algorithm de-
sign. Energy-efficient strategies primarily include three key approaches: turning off/on [5],
block-moving strategy [6], and machine speed adjustment [7]. Among these, the block-
moving energy-efficient strategy is one of the most widely used techniques [8]. It allows
for a reduction in energy consumption by adjusting the processing sequence of operations
without compromising other objectives. However, while this strategy has been extensively
applied, an area that has not been fully explored is how to enhance its computational
efficiency while maintaining solution quality. In terms of algorithm design, the imperial-
ist competitive algorithm (ICA) has been successfully applied to various energy-efficient
scheduling problems due to its strong global and local search capabilities [9,10]. However,
further research is needed to explore and design mechanisms that can effectively balance
the exploration and exploitation capabilities of the ICA when solving large-scale, complex
scheduling problems like the EEMsMIAJSP.

To address these issues, we propose an improved ICA based on Q-learning (IICA-QL)
to solve the EEMsMIA]JSP, aiming to minimize the maximum completion time and total
energy consumption. The main contributions of this paper are as follows:

(1) A mathematical model for the EEMsMIAJSP with the optimization objectives of min-
imizing the maximum completion time and total energy consumption is established.

(2) An energy-efficient strategy decoding trigger mechanism is designed to simultane-
ously enhance solution quality and search efficiency.

(3) A dynamic adaptive adjustment strategy for the assimilation operator parameter
is implemented based on Q-learning to enhance convergence speed while main-
taining population diversity; thus, the exploration and exploitation capabilities of
the algorithm are better balanced.

The specific structure of this paper is as follows: The literature review and related work
are shown in Section 2. The problem definition and mathematical model are established in
Section 3. The encoding and decoding design is presented in Section 4. The introduction of
the improved imperialist competitive algorithm based on Q-learning (IICA-QL) is described
in Section 5. The experimental results and analysis are provided in Section 6. The conclusion
to this paper is given in Section 7.

2. Literature Review and Related Work
2.1. Multi-Stage, Multi-Level Assembly Job Shop Scheduling Problem

In recent years, with the increase in customized product orders, the production model
of multi-variety and small-batch manufacturing has gradually become mainstream [11].
Products under this model typically have complex multi-level structures, which signif-
icantly increases the complexity of scheduling. Additionally, processed jobs need to be
transported in batches to the assembly stage, and the transportation time cannot be over-
looked [12]. As a result, the MsMIAJSP has become a key focus in recent research.

Wang et al. [13] addressed the distributed MsMIAJSP considering maintenance, aim-
ing to minimize the maximum tardiness. Cheng et al. [14] proposed batch transfer and
mixed-model assembly for the MsMIAJSP with the optimization objectives of minimizing
manufacturing and transportation costs. Building on this, Cheng et al. [15] further consid-
ered lot streaming with the objective of minimizing total completion time and production
cost. All of the above studies already conducted relevant work on the MsMIAJSP, primarily
focusing on improving production efficiency and economic benefits. However, with the
increasing awareness of energy consumption and sustainability in modern manufacturing
systems [16], there is a growing need to address energy efficiency in the EEMsMIAJSP,
where the optimization objectives are not only centered on production efficiency but also
on minimizing energy consumption throughout the entire scheduling process.

In the EEMsMIAJSP, energy consumption becomes a critical factor due to the involve-
ment of multiple production stages and levels, where idle times, machine setups, and
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transportation processes can lead to significant energy wastage. Therefore, optimizing both
production schedules and energy usage concurrently presents a complex, multi-objective
problem that requires advanced strategies and algorithms to balance production efficiency
and energy conservation.

2.2. Energy-Efficient Strategies in Scheduling Problem

Currently, solving the energy-efficient scheduling problem in complex manufactur-
ing systems mainly focuses on energy-efficient strategies, aiming to reduce idle energy
consumption without deteriorating other objectives [17]. Among these strategies, the
block-moving energy-efficient strategy, which makes operations within stages more com-
pact by moving process operations, can effectively reduce idle energy consumption. This
is currently an effective method for handling multi-operation and complex multi-stage
scheduling problems. Gong et al. [18] addressed the energy-efficient flexible job shop
scheduling problem and proposed a two-stage Memetic algorithm (TMA) to solve the prob-
lem. In the TMA, a block-moving energy-efficient strategy operator was designed to further
optimize total energy consumption and the number of machine restarts without altering
the makespan. Wang et al. [19] addressed the energy-aware distributed hybrid flow shop
scheduling problem and designed an energy-efficient strategy based on the block-moving
strategy. This approach further reduces the energy consumption of the non-dominated
solutions without altering the makespan, thereby obtaining superior non-dominated so-
lutions. Meng et al. [20] tackled the multi-objective flexible job shop scheduling problem
with controllable processing times by incorporating an energy-efficient strategy based on
the block-moving strategy into the individual decoding process, thereby achieving lower
individual energy consumption.

From the aforementioned literature, it can be seen that there are two main approaches
to using the block-moving energy-efficient strategy: One is to apply the block-moving strat-
egy only to the solutions in the non-dominated set to further reduce energy consumption;
however, this operation may cause the loss of some potential solutions, resulting in a local
rather than a global optimum. The other approach is to embed the block-moving strategy
into the individual decoding process to avoid losing the global optimal solution; however,
such a design can lead to the waste of computational resources and severely slow down
the search efficiency of the algorithm. Therefore, it is an urgent need to design an efficient
block-moving strategy that improves solution quality and search efficiency without losing
the global optimum.

2.3. Imperialist Competitive Algorithm

The imperialist competitive algorithm (ICA) is an effective evolutionary algorithm
framework [21]. It facilitates population evolution through mechanisms such as assimila-
tion, colonial revolutions, and imperial competition, demonstrating efficient global and
local search capabilities. For the past few years, the ICA has been successfully applied to
solving various multi-objective energy-efficient scheduling problems.

Lei et al. [22] designed a two-phase meta-heuristic (TPM) algorithm based on the ICA
and variable neighborhood search (VNS) for a multi-objective flexible job shop scheduling
problem (FJSP) with energy consumption thresholds, aiming to minimize the makespan
and total tardiness. Li et al. [23] proposed a two-level imperialist competitive algorithm
(TICA) for the energy-efficient hybrid flow shop scheduling problem. In this algorithm,
the strongest empire and other empires are divided into two levels, with the strongest
empire not participating in the competition. To generate high-quality solutions, different
assimilation and revolution operations are performed during various search phases within
the empire. Zhou et al. [24] addressed the energy-efficient hybrid flow shop scheduling
problem with uncertain processing times by proposing an Empire Grouping Imperialist
Competitive Algorithm (EGICA). This algorithm constructs initial empires through the
normalized total cost under interval scenarios and groups them into empire groups. By ex-
ecuting assimilation operations on different parts of the encoding and performing adaptive
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revolutions, it enhances performance. Additionally, a two-phase imperialist competition
operation is used to maintain population diversity.

From the above literature, it is evident that many researchers have made significant im-
provements to the ICA and successfully applied it to various scheduling problems. For the
assimilation in the global search of the algorithm, existing studies mostly adopt the uniform
crossover (UX) operator [17], with the probability parameters preset through experiments.
However, applying traditional static parameters to the ICA may not ensure optimal search
efficiency and solution quality due to the complexity of the EEMsMIAJSP [25]. Therefore, it
is necessary to design a reasonable dynamic parameter adaptive adjustment mechanism to
balance the exploration and exploitation of the algorithm.

2.4. Evolutionary Algorithms Integrated with Reinforcement Learning

Reinforcement Learning (RL), such as Q-learning, possesses strong decision-making
and optimization capabilities. Recent studies have shown that Q-learning can effectively
adjust algorithm parameters, enhancing the balance between exploration and exploita-
tion and improving solution quality. Chen et al. [26] applied SARSA and Q-learning to
adaptively adjust the crossover and mutation probabilities of a genetic algorithm (GA)
during the early and late stages of optimization in flexible job shop scheduling problems.
Chen et al. [25] used Q-learning to dynamically adjust key algorithm parameters in multi-
objective planning and scheduling for PCB assembly lines. Li et al. [27] applied Q-learning
to adaptively adjust neighborhood sizes in solving green flexible job shop scheduling
problems with Type-II fuzzy processing times (ET2FJSP), thereby increasing the diversity
of Pareto solutions. These studies demonstrate the effectiveness of Q-learning in parameter
adjustment, highlighting its potential to improve the performance of algorithms in various
scheduling problems. These successful applications of Q-learning in parameter adjustment
encourage us to adopt this approach for solving the EEMsMIA]SP.

3. Problem Formulation
3.1. Basic Concepts of Multi-Objective Optimization

In general, a multi-objective optimization problem can be expressed as follows:

minF(x) = [f1(x), f2(x), ..., fi(x)],x € X

where F(x) = [f1(x), f2(x), ..., fxr(x)] represents the k objective functions to be optimized
simultaneously, and x € X is the decision variable in the solution space.

For two solutions x; and xp, if and only if Vi € {1,2,...,k}, fi(x1) < fi(x2) and
3" € {1,2,...,k},fi(x1) < fi(x2), then xq is said to dominate x, (denoted as x; < x2). If
no other solution dominates x;, then x; is called a non-dominated solution. The set of all
non-dominated solutions is called the Pareto front.

3.2. Problem Definition

The EEMsMIAJSP addressed in this work consists of multiple stages, including process-
ing, transportation, and assembly. The notations defined for use in the EEMsMIAJSP math-
ematical model are shown in Table 1. The problem is defined as follows. In the processing
stage, transportation stage, and assembly stage, there are N, flexible processing machines
M = {My, -+, My, -, My, }, Nr transportation vehicles V.= {Vy,---,V},---,Vn, }
with the same load capacity Gyqx, and Nk assembly machines K = {Kl, o Koo King },
respectively. There is a product set P = {Pl, -, Py, PNP} that needs to be manu-
factured, where each product P, € P is composed of a set of various jobs J, and should
undergo an assembly operation set A, to be assembled into the final product. Each job
Jj € J, has a release time and consists of a set of processing operations O;. All operations
O;. € Oj must be completed before J; can be transported in batches by vehicles with the
load capacity constraint. Once all jobs J; belonging to a product P, have been transported
to the assembly stage, the assembly of P, can begin. In the processing stage, each operation
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O; has a set of compatible machines M]i from which one machine is selected for processing.
Once the operation is completed, the next operation for job J; is processed according to
the specified sequence. In the transportation stage, a fleet of vehicles V is available to
transport jobs from the processing stage to the assembly stage. Each vehicle V; € V departs
from the processing shop and must return after completing its transportation tasks. The
vehicles are subject to capacity constraints and are allowed to make multiple trips, with
each trip carrying a batch of components produced in the processing stage. In the assembly
stage, once all components belonging to product P; are ready, all operations A? € A, are

sequentially completed according to the assembly process.

Table 1. Notations of mathematical model.

Notations Descriptions

Indices

z Index of products, z =1,2,--- ,Np

j Index of jobs, j = 1,2,---,Ng

1 Index of processing operations, i = 1,2, -+ ,Np

a Index of assembly operations, a = 1,2, -+, Ny

m Index of processing machines, m =1,2,--- , Ny

t Index of transportation vehicles, t = 1,2, -+, Nt

w Index of transportation vehicle load transportation, w = 1,2, - -, Ng

k Index of assembly machines, k = 1,2,-- -, Nx

Parameters

M Set of processing machines, M = {My,-- -, My, --- ,Mn,, }

v Set of transportation vehicles, V.= {Vy,--- ,V},- -+, Vn, }

K Set of assembly machine, K = {Ky,--- , K, -+ , Ky, }

P Set of products, P = {Py,--- ,P,--- ,Pn, }

Ny Number of products

Ng Number of jobs

No Number of processing operations

Ny Number of assembly operations

Num Number of processing machines

Nt Number of transportation vehicles

Nk Number of assembly machines

Ng, Nfg Number of operations on processing machine mm and assembly machine k

Ntw Number of load transportations by vehicle ¢

Gax Maximum load capacity of vehicle

Jil ), Job indexed by j, set of all jobs belonging to P,

O;:, (0) i-th processing operation of Jj, set of all operations of J;

A A, a-th assembly operation and set of assembly operations of P,

M]i Set of machines available for processing operation O;

PP,,, PPy Unit power consumption of processing machine m and assembly machine k in working mode

Ply, PIi Unit power consumption of processing machine m and assembly machine k in standby mode

PS;, Unit power consumption of processing machine m in setup mode

PT; Unit power consumption of transportation vehicle ¢

Disp_» Distance between processing shop and assembly shop

Vo, VE Speed of transportation vehicles when unloaded and speed of transportation vehicle ¢ during
0 w-th load transportation

P(r; ) P(7%) Processing time of operation 7}" and 7

SP( 1) Setup time of operation 77/ ; and 71"

IP(mf*, i) Idle time between operation 77}" ; and 7t}" excluding setup time

IP(rck Tl 1, ) Idle time between operation 7! ; and 77’

RT (") Release time of job 77"

Decision variables

" = [nf, 7y, -, n}’\}g} Sequence of operations on processing machine m

mk = [n’l‘,n’é,-~~,nk ]

N Sequence of operations on assembly machine k
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Table 1. Cont.

Notations Descriptions

nistl, pst2 pst3 Sequence of operations on processing stage, transportation stage, and assembly stage

ST(rk), CT(7k) Start time and completion time of operation 7z

ECst ECst ECstl ECstl Release energy consur'nption, setup energy consumption, processing energy consumption, and
R7==§ 72=p sl idle energy consumption in processing stage

ECS8, ECP3 Assembly energy consumption and idle energy consumption in assembly stage

EC*1, EC*#2, ECSt3 Energy consumption in processing stage, transportation stage, and assembly stage

Cmax Maximum completion time of schedule

TEC Total energy consumption

The optimization objectives of this problem are to simultaneously minimize Cpax and TEC.
It is a multi-objective problem and encompasses several sub-problems, including the sequencing
of processing operations, assignment of processing machines, sequencing of job transportation,
assignment of vehicles, sequencing of product assembly, sequencing of assembly operations,
and assignment of assembly machines. The computational complexity of the mathematical
model can be calculated as O = ((Np!) x N0 x (Ng!) x NrNe x (Np!) x NxN4). So as the
problem size increases, the complexity grows exponentially. Moreover, as an extension of
the well-known NP-hard problem JSP, the EEMsMIA]JSP integrates assembly and batch
transportation, making it an NP-hard problem as well and even more complex.

A schematic diagram of the EEMsMIAJSP model is shown in Figure 1. This figure
illustrates the workflow of two products (P1, P;), each made up of multiple components
and jobs. In the processing stage, these jobs are assigned to flexible machines (M;, My, M3)
for operations. Once processed, jobs are batch transported by three vehicles (V, V3, V3)
to the assembly stage. In this final stage, each product’s components are assembled on
different machines (K, K») to form the final product. Some assumptions are listed below:

In the processing and assembly stages, any machine can only process one operation at a time.
Once started, processing operations, transportation processes, and assembly opera-
tions cannot be interrupted.

All machines and vehicles are available at time zero.

The transportation time between machines for consecutive processing (or assembly)
operations is not considered.

Vehicles maintain a constant speed during transportation.

The initial setup time is included in the release time of the workpiece.

| Orders: Tﬂ

Processing stage I Transportation stage I Assembly stage ‘

Product =

Flexible processing Batch transportation Parallel machine assembly
777777777777777 || s e e e s e e O et s S
! ! A i ﬂ G| %2 3
1 |
2 . i
| Dpa |Gz Bs |t
3 M| Ous = O = Oy B0 i1 OO==07 | ilE) Dt "
1 1
| | R/ (1P | |t —“
I : |
I
R 7A o) 0, O. o, |
P ‘ pal L 4 ! 92| %2 i
6 7] ol |
| : |
1 I |
1 ,
oM O, Oy |0, 0152054, Kllaal g a5 !
o o
| P~ ;

Component | J | Jobj i

Processing Assembly

) Processing operation i of Assembly operation a of the
operation / @ operation a -

elease time Setup time =
‘ Release time ctup time i) job / in product = z.p.a p-th product =

Figure 1. A schematic diagram of the EEMsMIA]JSP.

3.3. Mathematical Model

The mathematical model for the three stages with two optimization objectives in the
EEMSsMIAJSP is constructed as follows:
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The first objective, the maximum completion time, is the time when all products are
fully assembled, calculated as follows:

Crnax = max{CT(n’;)},Va,k (1)

The second objective, namely total energy consumption, is composed of three parts: to-
tal energy consumption in the processing stage, total energy consumption in the trans-
portation stage, and total energy consumption in the assembly stage. The total energy
consumption for each stage is calculated as follows:

(1) Processing stage: The total energy consumption in this stage is composed of the
energy consumption of the processing machines, which is determined by four modes
of machines: release mode, setup mode, working mode, and idle mode. The energy
consumption for each mode of the processing machines is constructed as follows:

Release energy consumption: This refers to the energy consumption of machines
before the first arrival time of the job. The release energy consumption in the processing
stage is calculated as follows:

ECit = Z PP,, x RT(7") )

m=1

Setup energy consumption: This energy consumption is generated during the prepa-
ration process of the machine before entering the working mode. The setup energy con-
sumption in the processing stage is calculated as follows:

Nm Nowm

ECy' = Y Y PS, x SP(my, 7" 3)
m=1 i=2

Working energy consumption: This energy consumption is generated when the pro-
cessing machine is in working mode. The working energy consumption in the processing
stage is calculated as follows:

Nm Now
ECi' =Y Y PP, xP(n") 4)
m=1 i=1

Idle energy consumption: This energy consumption is generated during the time
between processing two consecutive operations, excluding setup time. The idle energy
consumption in the processing stage is calculated as follows:

NM NOm

ECit =Y ZPImxIP mmh) )

m=1 i=

The total energy consumption in the processing stage is calculated as follows:
Ecstl Ecstl + Ecstl + Ecstl + EC?tl (6)

(2) Transportation stage: The total energy consumption in this stage consists of the
energy consumption of the transportation vehicles, which is composed of two parts: loaded
energy consumption and unloaded energy consumption. The total energy consumption in
the transportation stage is calculated as follows:

N7 Niy Dzs Dis
Ecstz_ PT,: % P—A p—A 7
Y35 (2t Dt o

(3) Assembly stage: The total energy consumption in this stage consists of the energy
consumption of the assembly machines, which is composed of two modes of modes:
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working mode and idle mode. The energy consumption for each mode of the assembly
machines is constructed as follows:

Working energy consumption: This energy consumption is generated when the as-
sembly machine is in working mode. The working energy consumption in the assembly
stage is calculated as follows:

t3 Nk Nax k
EC{° =YY PP x P(my) (8)
k=1a=1

Idle energy consumption: This refers to the energy consumption generated between
two consecutive operations on the same assembly machine. The idle energy consumption
of the machine in the assembly stage is calculated as follows:

Nx N
ECS = 2 AkPI IP(7* 7 9
=YY PhxIP(m; 4, 7;) €)
k=1a=2

The total energy consumption in the assembly stage is calculated as follows:
EC™® = EC3 + EC{P (10)
The total energy consumption of the three stages is calculated as follows:
TEC(m) = ECs1 + ECsp + ECgs3 (11)

The optimization objective is to find an optimal sequence in the set of all three-stage
sequences [J(m = [7!, 2, 78] € []) that simultaneously minimizes the maximum
completion time and total energy consumption. The specific details are as follows:

Conax (71) = max{CT(n’g)},\m,k (12)

TEC(TI) = ECst1 + ECsr2 + ECyy3 (13)
{ Cax (7*) = min{ Cmax (71, 152, 7¥) }, TEC(m*) = min{ TEC(n*"!, ©2, 753) }
(14)

C T[Stl, 7'th2, T(SB .
I arg{ TIE?;((T[sﬂ’nstzlnst;; )) — min, V(75 2, 158 € []

4. Encoding and Decoding Design

As described in Section 2.1, the problem characteristics of the EEMsMIAJSP result in
an exceptionally large solution space. If full encoding is applied to each stage, although
the entire solution space can be effectively represented, it also results in the algorithm
convergence being slowed and invalid solutions being generated during the algorithm
iteration process needing to be repaired, thus affecting the search efficiency of the algorithm.
Heuristic rules can effectively trim the solution space while maximizing the discovery of
near-optimal solutions to the problem; thereby, the convergence speed of the algorithm is
improved. Therefore, based on the coupling properties between the stages of the EEMsM-
1AJSP [28,29], only the processing operations in the processing stage are encoded, with
the assignment of processing machines and the sub-problems in subsequent stages being
decoded using heuristic rules.

4.1. Encoding

In this study, the solution to the problem is represented using an operation-based
encoding method. The operations of a job are indicated by the number of the job, and
the number of times that the job number appears represents which operation it is for that
job. Due to the design order requirements of the products considered in this paper, and the
possibility of identical jobs existing among different products, product information needs to
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be read sequentially to determine the required jobs for the product, and each job is assigned
a unique code for identification. The pseudocode for the encoding is shown in Algorithm 1.

To better illustrate the encoding process, we use an example where the demand for
product 1 is 2, and the demand for product 2 is 1. Product 1 consists of components 1
and 2, while product 2 consists of components 3 and 4. Component 1 is composed of job 1;
component 2 is composed of jobs 2 and 3; component 3 is composed of jobs 2 and 4; and
component 4 is composed of jobs 5, 6, and 7. Each job is processed through corresponding
operations. For example, job 1 includes operation 1, operation 2, and operation 3. The
bottom encoding sequence represents the order of operations for each job, suchas [111 2
31112324456667], where [11 1] denotes the three operations of job 1. The specific
encoding method for this example is shown in Figure 2.

jonpoig

yuauodwo)

uonerdo

0]

[enprarpuy

Figure 2. Schematic diagram of encoding.

Algorithm 1. Encoding Method

Input: order information; empty set chrom
Output: individual encoding chrom
Read order information, including product types N, , number of jobs

required for each product N, , product composition P _part, and product
demand P _need .
For i=1 to N, do
For ]=1 to N, do
job — P, _part,
For k=1 to P] _need do

‘ chrom «— chrom job
End For
End For
End For

4.2. Decoding Rules

To narrow the solution space while maximizing the discovery of near-optimal solutions
to the problem, the heuristic decoding rules for allocation in the processing stage and
subsequent transportation and assembly stages are as follows:

(1) Machine assignment in the processing stage

The earliest completion time (ECT) rule is used to assign operations to the machine
that can complete them the earliest. If multiple machines can complete the operation at
the same time, the minimum energy consumption first (MECF) rule is applied to select the
machine with the lowest energy consumption.
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(2) Job transportation sequence and vehicle allocation in the transportation stage

Under the constraint of vehicle load capacity, the first completed first transported
(FCFT) rule is used to organize the batch transportation of jobs. This means that jobs are
loaded into available vehicles in the order of their completion times, ensuring that no single
vehicle is overloaded. Subsequent jobs are transported by following vehicles according to
the same rule.

(3) Product assembly sequence and machine assignment in the assembly stage

When the jobs transported to the assembly shop are sufficient for the complete assem-
bly of the product, the assembly is carried out according to the product assembly process.
If multiple products simultaneously meet the assembly conditions, the minimum jobs first
(MJF) rule is used to determine the assembly sequence. During product assembly, the
machine assignment for assembly operations follows the same rules as in the processing
stage to determine the assembly machine for each operation.

4.3. Design of Energy-Efficient Strategy Decoding Trigger Mechanism

To address the issue of substantial idle energy consumption caused by the hierar-
chical coupling characteristics of the EEMsMIA]JSD, an energy-efficient strategy based
on block-moving can reduce machine idle time by making dispersed operations more
compact without changing the maximum completion time, thus reducing the idle energy
consumption generated by machines.

However, as the problem scale increases, executing the energy-efficient strategy usually
takes a long time and consumes significant computational resources. In fact, not all solutions
benefit from this strategy in terms of improving the quality of non-dominated solutions.
Therefore, we propose an adaptive trigger mechanism for the energy-efficient strategy
decoding, which ensures potential high-quality solutions are not lost while improving the
search efficiency. The specific operations are as follows:

Step 1: Apply the decoding rules and the active decoding method [30] to the individual
to obtain the scheduling results Cmax (7r) and TEC(7r), and record the idle time of all machines.

Step 2: According to Equations (15) and (16), obtain the upper bound of energy savings
ESyp and the lower bound of energy consumption Ej g, respectively, for the scheduling
scheme after applying the energy-efficient strategy.

Step 3: Determine the relationship between (Cmax(7t), ELg) and the current non-
dominated solutions. If they are not dominated by the current non-dominated solutions or
if they are mutually non-dominating, proceed to Step 5; otherwise, proceed to Step 4.

Step 4: Use the objective values Cmax(7t) and TEC(7) obtained from the decoding
rules as the decoding results of the scheduling scheme.

Step 5: Following the product assembly sequence of the scheduling scheme, check
each product in reverse order from the last to the first according to the process sequence,
and determine whether the block-moving condition is met according to Equation (17). If the
condition is met, update the completion time of the operation according to Equation (18).
Otherwise, check the preceding operation of this operation.

Step 6: If all operations have been checked, use Equation (19) to determine whether
the idle intervals meet the shutdown conditions for profit and loss time, and output the
results Cmax (1) and TEC(r) of the scheduling scheme after executing the energy-efficient
strategy. Then, update the non-dominated solution set. Otherwise, return to Step 5.

Nj

ESup = ) IP(ms_y, 704) X Py (15)
a=2

ELB = TEC(T[) — ESUB (16)

P(rf) < IP(nf, f,4) (17)
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where IP(7tF, 7tk 1) is the idle time after the operation

max(CTIF), Vi, 7k is the final assembly operation of product
0 = l : (18)
min{C(ﬂ%‘asm), max(CTIF) }, otherwise

Toff—on < Ecoff—on/E_C 19)

ik onmachinem, | = a,a+1,--- , Nk — 1.

CTI lk denotes the end time of the insertable idle interval for nla‘ on machine k, and n;‘u sta

denotes the immediate subsequent operation of 7. T, ff—on 18 the time required for the
machine to turn off and on, EC,¢f oy, is the energy consumption for the machine to turn off

and on, and EC is the energy consumption per unit time of the machine. The flow of the
energy-efficient strategy decoding trigger mechanism is shown in Figure 3.

A L,/ ]
S Rule-based Decoding
/
/
/
/ Obtain Energy
/ Consumption Lower
8 Ao = —
Pl = Bound
Use rule-based
decoding results
A 1 3
2f
o !
. o i
i
° H Energy-efficient
. | strategy decoding
| “~
) i N
. r—
0 N D 0. _
" | v = ICual) | Cox =G
4 1 i | 'FC = F
2) ot . ! Update the non- i 0. || INCEE] O | TEC=E,
> dominated solution set >
: T ; . o Non- Potential solution after
0 Operation / of job ; in q Transportation of job ; Assembly operation a of Idle time Set idle ‘ dominated enerov-cfficient
2] in product = z,p.a the p-th product = time to 0 \.»||||;.»|‘ strategy

2,i,J product =

Figure 3. Illustration of trigger mechanism for decoding energy-efficient strategy.

5. IICA-QL for EEMsMIAJSP
5.1. Initialization of Empires

In IICA-QL, a country 7t denotes a solution to the problem, wherei =1,2,---,Ps,
and Ps denotes the population size. The population Pop(g) in generation g is composed of
all countries in generation g, denoted as Pop(g) = {n&!,n&2,..., m8s}. To obtain a high-
quality initial population while maintaining population diversity, two heuristic methods
are used to initialize the population. A X Ps countries, with A set to 0.2, are generated using
product aggregation (PA) and job aggregation (JA) rules, while the remaining countries
are generated randomly. This approach ensures a high starting point for the search while
maintaining search breadth.

Subsequently, according to Equation (20) [21], the cost ¢} of each country in the initial
population is calculated in turn, i = 1,2, - - - , Ps. After sorting c} in non-ascending order,
the countries with the highest costs are selected as Nj,, imperialists for N;;,, empires, while
the other countries in the population are designated as colonies. The number of colonies N,
is then calculated according to Equation (21). Next, the normalized power of each imperialist
Impy(k =1,2,--- , Njy,) is calculated according to Equation (22), and the number of colonies
assigned to each colonial country NCj is determined based on their normalized power. Finally,
the corresponding number of colonies is randomly selected and assigned to the corresponding

empires, and the selected colonies are removed from the original colony population.

(20)

g _ o -
¢ = zlr’rzllz;}.)flps{rank,}—mnkl—i—dzstl/ Y dist;

1 .
] eemnki
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N = PS — Niy, (21)
Nim
Powy =c§/ Y ¢} (22)
k=1
NCy = round(Powy x Nep) (23)

Before the iteration begins, an empty external archive set () is established to store
the non-dominated set of the initial population, and it is dynamically updated during the
iteration process.

5.2. Assimilation Based on Q-Learning Adaptive Adjustment of Operator Parameter

Assimilation is the process by which colonies within an empire are moved towards
the imperialist, with population evolution achieved through the assimilation of colonies
by the imperialist. To ensure convergence speed while maintaining population diversity,
a dynamic adaptive adjustment strategy for the operator parameter based on Q-learning
is designed. First, two different operator co-evolution operations are employed. Then,
a Q-learning-based adaptive adjustment strategy for the UX operator parameter is im-
plemented to enhance the convergence and diversity of the algorithm. Finally, an elite
retention strategy is used to update the individuals of each empire, thereby improving the
convergence speed. The pseudocode is shown in Algorithm 2.

Algorithm 2. Assimilation based on Q-learning adaptive adjustment of operator parameter

Input: empires Emp; external archive set €2; number of imperialists N, ; number of colonies NC; assimilation

probability P ; probability of assimilation direction P,
Output: updated Emp and €2
For k=1 to N,, do

Emp, _offspring <@, Emp, _subPop —&
For i=1 to NC, do

If rand <P then

If rand <0.4 the

| Offspring « Perform UX between colony and imperialist
Else

| Offspring « Perform UX between colony and solution in )
End If

Emp, _offspring — Emp, _offspring UOffspring
End If
End For

Emp, _subPop < Emp, _colonies\J Emp, _offspring

Emp, _colonies «+Perform non-dominated sorting on Emp, _subPop and update with the top NC, countries

Imperialist —Perform TPX between the imperialist and the non-dominated solutions in {2, and update using a
greedy strategy

End For

Update the external archive set ()

5.2.1. Adaptive Adjustment of UX Operator Parameter Based on Q-Learning

During the assimilation process, the uniform crossover (UX) operator [17] and the
two-point Crossover (TPX) operator [31] are used, respectively applied to the movement
of colonies towards the imperialist and the external archive set. Among these, the UX
operator is used as the main evolutionary operator to guide the evolutionary process of
population and can also be applied for local search [17], playing an important role in the
quality of population evolution. The parameter of the UX operator determines the number
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of high-quality genes passed from parents to offspring. In the early stages of evolution,
a larger parameter is helpful for the algorithm convergence, while in the later stages of
evolution, a larger parameter can result in poor population diversity, causing the algorithm
to fall into local optima. Therefore, a Q-learning-based adaptive adjustment strategy for
the UX operator parameter is devised to dynamically adjust the evolutionary process of the
population, enabling the algorithm to converge more efficiently to the Pareto front.

State: The state of the entire population is determined by evaluating the convergence
metric AGD of the non-dominated solution set compared to the reference set and the diver-
sity metric ARatio, which represents the coverage ratio of the solution space. Here, AGD
represents the generational distance difference in the non-dominated solutions obtained
compared to the Pareto front PF* between generation ¢t and ¢ + 1. PF* is a preset reference
point, and ARatio represents the proportion of subregions occupied by the non-dominated
solutions in the current generation in the objective space. The objective space is divided
into several non-overlapping regions by weight vectors [32]. AGD indicates the degree of
convergence of generation ¢ + 1 compared to generation ¢; the smaller the value of AGD,
the better the convergence. ARatio represents the change in non-dominated set diversity,
with ARatio < 0 indicating a decrease in diversity and ARatio > 0 indicating an increase
in diversity. The calculations for AGD and ARatio are given by Equations (24) and (25),
respectively, where |PF;| and |¢¢| represent the number of non-dominated solutions in
generation t and the proportion of the objective space they occupy. During the evolution,
there are four possible states: (1) AGD >= 0, ARatio > 0; (2) AGD >= 0, ARatio <= 0;
(3) AGD < 0, ARatio > 0; and (4) AGD < 0, ARatio <= 0.

AGD:(\/ ) mind(x,y)2/|PFt+1|)—(\/ Y yxgg?*d(x,y)z/\PFtD (24)

x€PFq YEPFT xEDPF;

ARatio = [Py 1| — [ (25)

Action: The action set A is composed of ten actions, representing ten levels of the UX
operator parameter. By determining the current state of the population, the action with the
highest Q-value in the Q-table is selected based on the e-greedy strategy.

e-greedy: In the initial iterations, Q-values usually lack prior knowledge, making it
easy for the agent to fall into local optima during learning. Therefore, an ¢-greedy strategy
based on a sigmoid function is used to guide the learning of the agent. The mathematical
expression for e-greedy is as follows:

1

1T (02 50)) (26)

e=014(e—0.1) x

where g represents the number of iterations.

Reward: By calculating the values of AGD and ARatio after executing an action, the
agent receives a corresponding reward and updates the Q-value of the action in the Q-table
for the corresponding state according to Equation (27). If AGD > 0, ARatio > 0, then
reward = 1; if AGD > 0, ARatio <= 0, then reward = —2; if AGD < 0, ARatio > 0, then
reward = 4; if AGD < 0, ARatio < 0, then reward = 2.

Q(st,ar) = Q(st,at) + afreward; 11 + W%%Q(Sm,ﬂ) — Q(st,at)] (27)

where « and 7 are the learning rate and discount factor, respectively, and A is the set of
available actions.

Figure 4 provides an example. In Figure 4, the evolutionary process of the population is
illustrated through the interaction between states and actions within the Q-learning framework.
Initially, in generation t, the population is in state Sz, where action A; is selected, and after
executing this action, a reward of 4 is received based on the performance indicators. The
population then transitions to state S in generation ¢ + 1, where action Ay is chosen. However,
the performance does not improve significantly, resulting in a negative reward of —2, and the
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population moves to state S4 in generation t + 2. In this iterative process, rewards guide the
selection of actions to achieve better solutions across generations, dynamically adjusting through
Q-values (as shown in the table on the right), where specific actions in certain states (e.g., Sz
with Aj) yield high Q-values like 0.4, indicating the optimal choices learned over time.

[~ /204 081 033 068 052 035 097 614 040 078 ] ° m dction A
} Imperialist I_] | I I I l | | | ‘ \ 'AGD <0,ARatio> 0/ | State Al Az A3 o 10
PRI R

|
|
W 3 A
} Ne 4 2 3 LA 1 reward =4 Sl 0 0 0 /17—02
|
|

| V

oo CERERERRY 5]

[ =075 081 033 0,68 052 025 097 0.14 040 078 | ~ ~

ilmpﬂ.am|¢| OBEOBEE li“ [ 4o reward = 2 s, | o040 [ |0
/ A 4 ? -

l.\'ew323243114i/‘S[\

| / 4 ) / AGD <0.ARatio <=0 / S 0

Ccom ORONELDITD) o L [0 ]0]0

Figure 4. Q-table update diagram.
5.2.2. Update Strategy

To achieve the rapid convergence of the population, an elite retention strategy is
employed to select colonies that need to be retained after the assimilation process. The
specific operations are as follows: Individuals generated during the assimilation process
of imperialist Impy are placed into the colony offspring population Of fspringy. After the
assimilation operation within the empires is completed, the original colony population is
merged with the colony offspring population to form a new population SubPopy. Then,
the individuals in SubPopy are non-dominated sorted, and their crowding distances are
calculated. A number of NCy colonies are selected as the next generation of colonies.
Additionally, for new solutions generated by the assimilation of the imperialist, if they
are not dominated by the old solutions, the original imperialist is replaced by the new
solutions; otherwise, no replacement is made.

5.3. Revolution Based on Hyper-Heuristic Variable Neighborhood Search

Colonial revolution is a process of further exploring and exploiting the neighborhood
of superior colonies after completing the assimilation operation. In this paper, various neigh-
borhood search (VNS) operations are designed, and high-level information constructed
from a two-dimensional probability matrix is used to guide the selection of corresponding
low-level variable neighborhood search operation sets. The selection of variable neigh-
borhood search operators is dynamically adjusted by the high-level strategy based on the
feedback information received from the environment after each application of the low-level
variable neighborhood search operation set, thereby improving the search performance of
the algorithm. The pseudocode is shown in Algorithm 3.

Algorithm 3. Revolution based on hyper-heuristic variable neighborhood search

Input: empires Emp; number of imperialists N, ; assimilation probability P, ; probability matrix LSM

Output: updated Emp and LSM

For k=1 to N,, do

N, «NC, xP.

Select high-quality colonies based on national cost to perform revolution

For i=1 to N,, do
NS « Sample LSM to generate variable neighborhood operation set
Colonies perform VNS based on the neighborhood operation set and
update using a greedy strategy
Update the LSM based on feedback

End For

If the colony cost is greater than the imperialist cost, replace the imperialist
End For




Appl. Sci. 2024, 14, 8712

15 of 26

5.3.1. Neighborhood Search (NS) Operations

To implement an effective perturbation strategy for individuals, two single-operation-
based neighborhood operations and five block-based neighborhood operations are designed
as neighborhood search operators. Figure 5 provides an illustrative example.

Insert position

P
GBI GOREOE1E]2]4]

O &
Blifa]r[s]s[4]2]4] [3[r[3]2]1]3[4]2]4]

(a) NSI (b) NS2

__________________________

—————————————————————————

(c)NS3 (d) NS4
Insert position

Blif4l2fr]sf3]2f4] [3]t]4]2]1]3]3]2]4]

(e) NS5 (f) NS6

Llf4l2]3]3]3]2]4]

Blifsla]3]2]3]2]4]

Figure 5. Schematic diagram of neighborhood structure.

NS1: Single-operation insertion operation for individual encoding. A random opera-
tion is selected from the individual encoding and inserted into another position.

NS2: Single-operation exchange operation for individual encoding. Two different
operations are randomly selected, and their positions are swapped.

NS3: Reversal operation for individual encoding. Two positions are randomly selected,
and the segment of operations between these positions is reversed.

NS4: Segment exchange operation for individual encoding. Two segments of opera-
tions are randomly selected, and their positions are exchanged.

NS5: Segment insertion operation for individual encoding. Two segments of operations
are randomly selected, and one segment is inserted into another position within the encoding.

NS6: Segment shuffling operation for individual encoding. A segment of operations is
randomly selected, and operations within segment are randomly shuffled.

NS7: Segment gene dispersal operation for individual encoding. The individual
encoding is divided into several segments, and the consecutive repeated genes within each
segment are dispersed to different positions.

5.3.2. Two-Dimensional Probability Model

Define NS = {NSG'k(l), NSGk(2),-. -, NSG'k(l)} as the neighborhood operations
sequence executed by the k-th individual in generation G, where [ represents the length
of variable neighborhood search. The two-dimensional probability model P€(x,y), shown
in Equation (28), is used as the high-level strategy to guide the selection of the low-level
variable neighborhood search operation set.
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PC,(1L1) - P (L)
PC(xy) = : g : (28)

pS,(1,1) -+ PS(LI)

The initialization of the two-dimensional probability model and its update in the G-th
generation are shown in Equations (29) and (30), respectively.

P(x,y)=1/1, x,y=1,2,---,1 (29)

PC(x,y) = (1+ reward) x P°~Y(x,y),x =1,2,--- L,y = NS(1),NS(2),--- ,NS(I) (30)

0.1, new solution is not dominated by old solution

—0.1, otherwise (31)

reward = {

After completing the revolution operations, the cost of each country within the empire

is calculated, and the country with the highest cost is selected as the new imperialist, while
the original imperialist becomes a colony. PG (x,y) is updated according to Equation (31).

5.4. Joint Imperialist Invasion

Dividing the population into multiple subpopulations is helpful for individuals to
extensively search different areas and balances the exploration and exploitation capabilities
of the algorithm through co-evolution [33]. To address the issues of poor diversity and
premature convergence in the basic imperialist competitive algorithm, a joint imperialist
competition mechanism is designed to replace the standard imperialist competition opera-
tions. Each empire is regarded as a population that collaboratively searches different regions
of the solution space. This mechanism ensures that the collaborative evolutionary search is
maintained within each empire and that information sharing and interaction are enhanced
between empires, thereby improving diversity and the search efficiency of the algorithm.

The specific operations of the joint imperialist invasion are as follows: The total cost
of each imperial group is calculated and ranked according to Equation (32), where Empy
represents the set of colonies owned by Impy, and ¢ is the proportional coefficient of the
total cost of the empire accounted for by the colonies, which is set to 0.1. The imperialists
of the top Nj,, — 1 empires perform POX crossover [18] with random solutions, and the
corresponding numbers of the worst colonies in the worst-ranked empire are replaced by
the newly generated solutions. Through joint imperialist competition, the collaborative
evolution within each empire can be maintained, while information sharing and interaction
between empires can be enhanced, thus improving diversity and increasing the search
efficiency of the algorithm. The pseudocode is shown in Algorithm 4.

TC{ =cf+¢& Y c3/NCx (32)

ocEEmpy

Algorithm 4. Joint imperialist invasion

Input: empires Emp, number of imperialists N,

m

Output: updated Emp and new population NewPop
For k=1 to N, do

m
‘ Calculate the total cost of each empire and rank them in non-ascending order
End For

For i=1 to N. —1 do

mm
Perform POX between the imperialist and a random solution; the newly generated
solution replaces the worst colony of the worst empire
End For
Merge all imperialist countries into  NewPop
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5.5. Algorithm Description

A flowchart of the proposed IICA-QL is shown in Figure 6. The process of IICA-QL is
described as follows.

Initialize Ps,N,,P,P,a,y,& |
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Initialize matrix LSM
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Figure 6. Framework of IICA-QL.

[ High-level strategy

ool [x]

External archive set

[ High-level strategy |

s, [ s, s, | - [

[ Low-level heuristics

v £
[ Low-level heuristics

[vs}

Dominated

NSNS, -[Ns,
(As}vs} i,

Empire ranking

Empire 3

J

Step 1: Generate the initial population using heuristic rules and random generation
methods. Select N, imperialist countries to form the initial empires.
Step 2: Construct the external archive set and update it based on non-dominated solutions.
Step 3: Select the UX operator parameter according to the Q-table, then perform
assimilation in each empire and update Q-table. Meanwhile, retain colonies based on the
elite retention strategy.
Step 4: Execute high-dimensional strategies constructed by the two-dimensional
probability model to select low-level neighborhood search operation sequences. Update
the probability model based on feedback information.
Step 5: Perform joint imperialist competition to achieve the collaborative evolution of empires.
Step 6: If the termination condition is met, stop the search; otherwise, return to Step 3.
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6. Experimental Results and Discussion

The proposed IICA-QL is implemented in MATLAB R2021a. The experimental config-
uration is an Intel Core i7-13700K and CPU @3.40 GHz PC with 32 GB memory (Intel, Santa
Clara, CA, USA). Since no prior research has been conducted on the EEMsMIAJSP, the test
data are generated randomly. The problem scale is denoted by O/]J/A_M/T/K, where
O/]/ A represent the number of processing operations, jobs, and assembly operations,
respectively. M/T/K represent the total number of processing machines, transport vehicles,
and assembly machines, respectively. Detailed information about the product structure,
order information, and production parameter data used in the experiments can be found
from https:/ /github.com/captain-dyq/EEMsMIAJSP.git accessed on 22 August 2024. The
experimental time T(;) for each problem scale is determined based on the specific problem
scale, where T(;y = O x M+ ] x T+ A x K.

6.1. Performance Metrics

To comprehensively evaluate the convergence and diversity of the approximation
Pareto fronts set obtained by the algorithm, the following three commonly used metrics are
employed to measure the proposed IICA-QL.

(1) Solution set Coverage (C-metric). This metric measures the dominance relationship
between two solution sets and is defined as follows:

JyeA:
c(a,B) = *<€B y|§| y =] (33)
where A and B are two non-dominated solution sets obtained by the algorithm. C(A,B)
represents the proportion of solutions in set B that are dominated by at least one solution

in set A. The larger the value of C(A,B), the better the performance of A.
(2) Generational Distance (GD).

The proximity of the Pareto front PF obtained by the algorithm to the optimal Pareto
front PF* is evaluated, where PF* is the true non-dominated solution set among the non-
dominated sets obtained by all algorithms. For each solution x in PF, the nearest solution y
in PF*is found, and their Euclidean distance is calculated. GD is the average of the shortest
Euclidean distances, which is described as Equation (34). A smaller value of GD indicates
better convergence and that the found PF is closer to the optimal Pareto front.

Y. mind(x, y)2
xEPF yePF*

GD = |PF|

(34)

(3) Hypervolume (HV)

The HV metric is a univariate metric that represents the volume of the region in the
objective space enclosed by the non-dominated solution set obtained by the algorithm
and the reference point, which is set to (1.01,1.01) [34]. The hypervolume metric is a
comprehensive metric for evaluating the convergence and diversity of the non-dominated
solution set obtained by the algorithm. The larger the HV value, the better the overall
performance of the algorithm.

HV(E) = Leb(Uyxeg[fi(x),r1] X .. X [fin(x), Tm]) (35)

where Leb(-) represents the Lebesgue measure, and m represents the number of objectives
in the problem.
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To eliminate the impact of different dimensions, the solutions in the solution set are
normalized according to the following formula [30]:

fl _fim T i=1,2 (36)

i = in’
fimax _ fimm

6.2. Parameter Settings

To determine the optimal values for the parameters in [ICA-QL, the Design of Experiment
(DOE) method is used for parameter setting. IICA-QL has a total of seven parameters, each
with three levels to choose from. The orthogonal array 1.27 (3”) is selected, and the meanings
and optional parameter levels for each parameter are shown in Table 2. Experiments are
conducted using a medium-sized experimental scale (82/42/71_3/3/3), with each parameter
combination run 10 times and the runtime being T;) = O X M+ ] x T+ A x K. The
hypervolume (HV) metric is calculated after each run for each parameter combination,
and the average of the ten HV values is used as the response value (RV). Additionally, the
average RV and influence of each parameter level are shown in Table 3. According to Table 3,
the optimal parameter set is Ps = 10, N;;, =3, P, =0.8, P, =0.1, x = 0.2, v = 0.9, and ¢ = 0.6.

Table 2. Parameter levels.

Factor Level

Parameter Notation
2 3
Ps population size 50 100 150
Nim number of imperialists 3 5 7
P, assimilation probability 0.7 0.8 0.9
P, revolutionary probability 0.1 0.2 0.3
o learning rate 0.1 0.2 0.3
b discount factor 0.7 0.8 0.9
€ greed factor 0.3 0.6 0.9
Table 3. Average RVs and ranks of each parameter.
Level Py N; P, P, [ Y €
1 0.7855 0.7943 0.7786 0.7912 0.7868 0.7844 0.7851
2 0.7986 0.7814 0.7923 0.7838 0.7926 0.7856 0.7974
3 0.7786 0.7869 0.7917 0.7877 0.7832 0.7926 0.7801
Delta 0.0200 0.0130 0.0138 0.0074 0.0094 0.0083 0.0174
Rank 1 4 3 7 5 6 2

6.3. The Effectiveness of the Adaptive Trigger Mechanism for the Energy-Efficient Strategy

To verify the effectiveness of the adaptive trigger mechanism for the energy-efficient
strategy, IICA-QL (denoted as A) is compared with IICA-QL executing the energy-efficient
strategy on Pareto solutions (IICA-QL-PFE, denoted as B) and IICA-QL executing the
energy-efficient strategy on all individuals (IICA-QL-AE, denoted as C). Using the same
computation time as the termination condition, each algorithm runs independently, 10
times on 18 test instances. The average values of C-metric, GD, and HV obtained are shown
in Table 4, with the best value for each metric highlighted in bold. The runtime of each
algorithm on each scale is recorded in Table 5.
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Table 4. Comparison results between IICA-QL and IICA-QL-PFE/IICA-QL-AE.
C-Metric GD HV
OfjiA_MITIK C(AB) C(B,A) CALQC C(cA) A B C A B C
25/13/22_2/2/2 0.3839  0.0400 0.2750 0.1600 0.0020 0.1062  0.0373  0.5436  0.5218  0.6807
25/13/22_3/2/2 0.6563  0.1050 0.2900 0.1409 0.0339 0.1394 0.0548 0.6450 0.5321 0.6181
25/13/22_3/3/3 0.4100 02100 0.3000 0.2000 0.0717 0.1468 0.1030 0.6490 0.5082  0.5965
44/23/39.2/2/2 0.5657 0.1820 0.3150 0.3000 0.0574 0.1509 0.0588 0.5470 0.3884  0.6212
44/23/39_3/2/2 0.4458 0.1650 03700 0.3450 0.0731 0.2145 0.1015 0.7129 0.3520 0.6705
44/23/39_3/3/3 0.5582  0.1350  0.3400 0.3133  0.1082  0.2129  0.0442 0.7045 0.3352  0.7143
82/42/71_2/2/2 04906 0.3996 0.5576  0.2904 0.1522  0.1231 0.1915 0.6359  0.5231 0.5631
82/42/71_3/2/2 0.7106  0.0514 0.4873 02845 0.0939 02222 0.0962 0.7420 0.4404 0.6939
82/42/71_3/3/3 0.4310 0.0681 0.2775 0.5630 0.1586  0.1963  0.0408 0.6667  0.2430  0.7947
135/70/120_3/3/3 0.4000 0.1630 0.5083 0.2593  0.0631 0.1542  0.0957 0.6700 0.3284  0.5469
135/70/120_4/3/3 0.2657 0.3518 0.4769 03038 0.1423 0.0738 0.1619  0.7283  0.6271 0.6485
135/70/120_4/3/4 0.3667 0.1672 0.5594 0.3510 0.0932 0.1349 0.1270 0.7616  0.4698  0.6264
173/88/151_3/3/3 0.6350  0.0258  0.7278  0.1113  0.0119 0.1721  0.1469 0.7686  0.1946  0.4786
173/88/151_4/3/3 0.6333 0.1595 0.8169 0.1060 0.0669 0.0912 0.2302 0.7864 0.4832  0.4958
173/88/151_4/3/4 0.3667 0.1445 0.7105 0.1496  0.0328  0.0415 0.1221  0.8258  0.5409  0.6232
202/104/175_3/3/3 0.4300 0.1385 0.3846  0.3389  0.0611 0.1018 0.0579 0.7153  0.2788  0.5539
202/104/175_4/3/3 0.4333 0.1494 0.8427 0.1018 0.0283 0.0734  0.1721 0.7675 04303  0.5742
202/104/175_4/3/4 0.4500 0.1076  0.6800  0.1413  0.0248 0.1309 0.0936  0.7295 0.2392  0.5453
Mean 04796  0.1535 0.4955 02478  0.0709  0.1381 0.1075  0.7000 0.4131 0.6137
Table 5. CPU time results of IICA-QL, IICA-QL-PFE, and IICA-QL-AE.
CPU Time/10 Generations (s)
O/JIA_MITIK
IICA-QL IICA-QL-PFE IICA-QL-AE

25/13/22_2/2/2 10.1695 8.3333 12.7660

25/13/22_3/2/2 8.1006 7.9235 9.6667

25/13/22_3/3/3 8.3721 8.1081 9.7297

44/23/39.2/2/2 9.7696 10.1435 13.9474

44/23/39_3/2/2 10.5785 10.1992 14.0659

44/23/39_3/3/3 9.8452 9.0857 12.1839

82/42/71_2/2/2 11.8182 12.5000 21.3115

82/42/71_3/2/2 12.4211 12.5199 22.4762

82/42/71_3/3/3 12.8855 12.8571 19.9659

135/70/120_3/3/3 15.5887 15.8373 32.7723

135/70/120_4/3/3 15.6354 16.0340 32.6225

135/70/120_4/3/4 16.1133 16.1133 30.3883

173/88/151_3/3/3 17.2385 17.6320 42.9167

173/88/151_4/3/3 17.0788 17.6345 42.4398

173/88/151_4/3/4 17.1053 16.7922 36.7059

202/104/175_3/3/3 18.2660 18.4342 49.8577

202/104/175_4/3/3 18.0452 17.8635 49.1385

202/104/175_4/3/4 19.1857 18.6786 44.3970

Mean 13.7898 13.7050 27.6306

From the C-metric results in Table 4 and Figure 7, it can be seen that in all 18 test

instances, C(A,B) is greater than C(B,A), and in 17 instances, C(A,C) is greater than C(C,A).

This indicates that the non-dominated solutions obtained by IICA-QL generally dominate
those obtained by IICA-QL-PFE and IICA-QL-AE. From the GD and HV metrics, it is
evident that in most test instances, the values for IICA-QL are better than those for IICA-
QL-PFE and IICA-QL-AE, and the values for IICA-QL-AE are better than those for IICA-
QL-PFE. This shows that the adaptive trigger mechanism for the energy-efficient strategy
improves the search quality of the algorithm by ensuring that it can more effectively
explore and exploit the solution space, leading to better convergence speed and diversity.
Furthermore, the superiority of IICA-QL is reinforced by the comparison of CPU times in
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Table 5 and Figure 8, where the execution time of IICA-QL is comparable to that of IICA-
QL-PFE and significantly faster than that of IICA-QL-AE. This demonstrates that while
IICA-QL-PFE also applies the energy-efficient strategy, the adaptive trigger mechanism in
IICA-QL ensures that potential solutions are not lost while simultaneously speeding up the
convergence process by avoiding unnecessary evaluations and making more efficient use of
computational resources. The significantly longer time required by IICA-QL-AE suggests
that applying the energy-efficient strategy indiscriminately to all individuals results in
an inefficient search. By contrast, the adaptive trigger mechanism in IICA-QL ensures
a balance between search efficiency and solution quality, optimizing both the computational
cost and the effectiveness of the search.
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6.4. Effectiveness of Operator Parameter Adaptive Adjustment Based on Q-Learning

To verify the effectiveness of the dynamic adaptive adjustment of the operator pa-
rameter based on Q-learning, IICA-QL (denoted as A) is compared with IICA-QL without
this strategy (IICA-nQL, denoted as B), where the UX parameter is set to 0.55. Using the
same computation time as the termination condition, each algorithm runs independently
10 times on 18 test instances. The average values of C-metric, GD, and HV obtained are
shown in Table 6, with the best value for each metric highlighted in bold.

From the C-metric results in Table 6 and Figure 9, it can be seen that in 17 out of
18 test instances, C(A,B) is greater than C(B,A), and C(A,B) shows an increasing trend.
This indicates that the non-dominated solutions obtained by IICA-QL generally dominate
those obtained by IICA-nQL, and the advantage becomes more pronounced as the problem
scale increases. From the GD and HV metrics, it is evident that in all test instances, the
values for IICA-QL are better than those for ICA-nQL, indicating that IICA-QL has better
convergence and diversity compared to IICA-nQL. This clearly shows that the dynamic
adaptive adjustment strategy for the operator parameter based on Q-learning significantly im-
proves the algorithm’s performance, especially in larger and more complex problem instances.
Additionally, this strategy ensures that the algorithm can maintain a robust balance between
exploration and exploitation, further enhancing the quality of the Pareto front.
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Table 6. Comparison results between IICA-QL and IICA-nQL.
C-Metric GD HV
O/TIA_MITIK IICA-QL(A) IICA-nQL (B) IICA-QL IICA-nQL IICA-QL IICA-nQL
C(A,B) C(B,A)
25/13/22.2/2/2 0.3206 0.3050 0.0471 0.0585 0.6789 0.6848
25/13/22_3/2/2 0.3767 0.2617 0.0540 0.0669 0.6966 0.6940
25/13/22_3/3/3 0.3937 0.2950 0.0861 0.1289 0.7014 0.6438
44/23/39.2/2/2 0.3283 0.3679 0.0627 0.0633 0.7132 0.6424
44/23/39_3/2/2 0.3922 0.3344 0.0373 0.1339 0.7103 0.6975
44/23/39_3/3/3 0.5367 0.3250 0.0622 0.1823 0.7490 0.6484
82/42/71_2/2/2 0.5235 0.2410 0.0253 0.1227 0.7581 0.6368
82/42/71.3/2/2 0.4920 0.3293 0.0297 0.0703 0.7999 0.7471
82/42/71_3/3/3 0.4343 0.3915 0.0928 0.1081 0.7274 0.7228
135/70/120_3/3/3 0.6492 0.3096 0.0351 0.0767 0.7898 0.7387
135/70/120_4/3/3 0.5101 0.3000 0.0383 0.0632 0.7579 0.7362
135/70/120_4/3/4 0.5018 0.4549 0.0406 0.0647 0.7681 0.7496
173/88/151_3/3/3 0.5481 0.3214 0.0431 0.0605 0.7361 0.7087
173/88/151_4/3/3 0.6261 0.3101 0.0342 0.1021 0.7803 0.7031
173/88/151_4/3/4 0.4405 0.4014 0.0472 0.1128 0.8402 0.7989
202/104/175_3/3/3 0.5780 0.2200 0.0200 0.1030 0.7784 0.6613
202/104/175_4/3/3 0.6417 0.2254 0.0232 0.1256 0.8142 0.6995
202/104/175_4/3/4 0.6208 0.3661 0.0353 0.0846 0.8250 0.7784
Mean 0.4952 0.3200 0.0452 0.0960 0.7569 0.7051
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C
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Figure 9. Box plots of three metrics between IICA-QL and IICA-nQL.

6.5. Comparison with Other Algorithms

11CA-nQL

Since no existing research has been conducted on solving the EEMsMIA]JSP, to verify

the effectiveness of the algorithm, IICA-QL is compared with the algorithms BPBMO [31],
PSO-GA [35], and KBOA [28], which solve similar problems to the EEMsMIAJSP. The
parameters for BPBMO, PSO-GA, and KBOA are chosen as specified in their respective
references. Each of the four algorithms is independently run 10 times for the runtime
determined by the problem scale, and the average values of the evaluation metrics are
calculated. The C-metric, GD, and HV values for each algorithm across 18 problem scales
are shown in Table 7, with the best value for each metric highlighted in bold.

As seen in Table 7 and Figure 10, the GD and HV values obtained by IICA-QL are
superior to those of BPBMO, PSO-GA, and KBOA in all test instances. Specifically, the
performance of IICA-QL in terms of the GD metric, demonstrating its ability to find
solutions that are very close to the Pareto optimal front in the solution space, highlights
its significant advantage in convergence. From the HV metric, it is evident that the values
obtained by IICA-QL are much higher than those of the other three algorithms, indicating
that IICA-QL not only finds high-quality solutions but also maintains solution diversity,
covering a broader Pareto front region. These results clearly validate the effectiveness of
IICA-QL in solving the EEMsMIA]JSP, showcasing its superiority in both convergence and
diversity compared to existing approaches.
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Table 7. Comparison of GD and HV results for IICA-QL, BPBMO [31], PSO-GA [35], and KBOA [28].

GD HV
OIJIA_MITIK
IICA-QL BPBMO PSO-GA KBOA IICA-QL BPBMO PSO-GA  BOA
25/13/22.2/2/2 0.0028 0.2698 0.3198 0.2026 0.7888 0.4022 0.3688 0.5433
25/13/22_3/2/2 0.0174 0.1952 0.3166 0.2087 0.8628 0.5660 0.4059 0.5858
25/13/22_3/3/3 0.0021 0.4099 0.3654 0.2204 0.8997 0.3544 0.3958 0.5970
44/23/39_2/2/2 0.0034 0.3417 0.3449 0.2514 0.8786 0.3625 0.3508 0.4630
44/23/39_3/2/2 0.0017 0.4248 0.5155 0.3644 0.9560 0.4654 0.3790 0.5477
44/23/39_3/3/3 0 0.4992 0.3343 0.1943 0.9531 0.3060 0.3785 0.6688
82/42/71.2/2/2 0.0013 0.2599 0.4022 0.2959 0.8988 0.5376 0.3174 0.4242
82/42/71_3/2/2 0.0127 0.1507 0.3259 0.1707 0.8421 0.4690 0.3655 0.4644
82/42/71_3/3/3 0.0075 0.3547 0.3316 0.0941 0.7589 0.3434 0.3313 0.4765
135/70/120_3/3/3 0.0003 0.0777 0.3235 0.2528 0.7709 0.3298 0.2637 0.4445
135/70/120_4/3/3 0.0005 0.3859 0.4102 0.4588 0.9723 0.4449 0.3878 0.3356
135/70/120_4/3/4 0.0010 0.2352 0.4640 0.2639 0.9323 0.6075 0.3326 0.2695
173/88/151_3/3/3 0.0031 0.1326 0.2997 0.2859 0.8063 0.3339 0.3163 0.4845
173/88/151_4/3/3 0 0.0733 0.2559 0.1525 0.7225 0.3928 0.3541 0.4779
173/88/151_4/3/4 0.0117 0.0677 0.3560 0.2144 0.7672 0.6232 0.3032 0.3667
202/104/175_3/3/3 0 0.0676 0.2872 0.2337 0.8153 0.3370 0.2904 0.4662
202/104/175_4/3/3 0.0049 0.0878 0.2991 0.1570 0.7052 0.3648 0.2861 0.4667
202/104/175_4/3/4 0.0217 0.0575 0.3204 0.2630 0.7515 0.6474 0.3274 0.4378
Mean 0.0051 0.2273 0.3485 0.2380 0.8379 0.4382 0.3419 0.4733
= | B
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To further illustrate the performance of the compared algorithms, Figure 11 presents
the Pareto results obtained by four algorithms on small-scale (25/13/22_2/2/2), medium-
scale (82/42/71_3/3/3), and large-scale (202/104/175_4/3/4) instances. As shown in
the figure, the Pareto front obtained by IICA-QL outperforms those of the other three
algorithms across different instances, indicating that IICA-QL is able to achieve non-
dominated solutions with lower makespan (Cpax) and total energy consumption (TEC)
compared to BPBMO, PSO-GA, and KBOA. This further validates the effectiveness of IICA-
QL in both convergence and diversity across different problem scales, as it consistently

generates higher quality solutions with a broader coverage of the Pareto front.

ts obtained by IICA-QL BPBMO,PSO-GA KBOA on 25/13/22_2/2/2.

KBOA

Figure 11. The Pareto fronts obtained by IICA-QL, BPBMO, PSO-GA, and KBOA with different scales.
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6.6. Discussion

This paper presents a solution to the energy-efficient multi-stage multi-level assem-
bly job shop scheduling problem (EEMsMIA]JSP), a highly complex scheduling problem
that arises in the manufacturing of multi-level products like ball valves and bogies. The
multi-stage, multi-level structure of the EEMsMIAJSP involves not only the processing
and assembly of various components but also intricate interdependencies between stages.
These interdependencies often result in idle times, which contribute significantly to un-
necessary energy consumption. The need to optimize both production efficiency and
energy consumption makes the EEMsMIAJSP a challenging, yet important, problem in the
manufacturing industry.

Through the research presented, the proposed IICA-QL has demonstrated its effective-
ness in addressing the dual objectives of minimizing the maximum completion time and
total energy consumption. The superiority of the proposed IICA-QL can be attributed to its
two key designs:

(1) The energy-efficient decoding trigger mechanism is one of the key innovations of the
IICA-QL. This mechanism ensures that, while maintaining high-quality solutions,
the search process is significantly accelerated. This approach not only maintains
the quality of the solutions but also expedites the convergence process, allowing the
algorithm to explore the solution space more efficiently.

(2) IICA-QL achieves a balance between exploration and exploitation by using Q-learning
to dynamically adjust operator parameters based on search feedback. This adaptive
mechanism helps the algorithm explore new areas while refining high-quality solutions,
ensuring efficient convergence, maintaining diversity, and avoiding premature stagnation.

7. Conclusions

This study addressed the multi-stage, multi-level assembly job shop scheduling prob-
lem, aiming to minimize the maximum completion time and total energy consumption. An
improved imperialist competitive algorithm based on Q-learning (IICA-QL) was proposed.
First, a mathematical model of the problem was established, and an energy-efficient strategy
decoding trigger mechanism was designed to simultaneously enhance solution quality
and search efficiency. Second, the IICA-QL for solving the EEMsMIA]JSP was proposed.
In ICA-QL, two heuristic rules and a random generation method are used to collabora-
tively construct an initial population with high quality and diversity. A dynamic adaptive
adjustment strategy for the assimilation operator parameter was implemented based on
Q-learning to enhance convergence speed while maintaining population diversity; thus,
the exploration and exploitation capabilities of the algorithm are better balanced. A hyper-
heuristic variable neighborhood search-guided revolution operation was designed to conduct
detailed searches on identified high-quality colonies. The competitive phase was replaced
with a joint imperialist invasion operation to achieve cooperative co-evolution and informa-
tion exchange among multiple empires, resulting in more evenly distributed non-dominated
solutions. Finally, the effectiveness of the proposed algorithm in solving the EEMsMIAJSP
was verified through experimental results and comparison with other algorithms.

However, this study has certain limitations. First, the current model assumes static
energy prices, but in real industrial environments, energy prices may fluctuate over time,
which can significantly influence scheduling decisions. Therefore, future research could
incorporate dynamic energy pricing models to better align with real production scenarios.
Second, uncertainty is another important aspect not addressed in this study. We assumed
a deterministic production environment, without considering uncertainties such as pro-
cessing time fluctuations or machine breakdowns, which could greatly impact scheduling
decisions in practice. Therefore, we will explore robust scheduling or scenario-based
scheduling to address these uncertainties in future work.
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