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Abstract: Under Industry 4.0, market demand is rapidly transitioning from a reliance on conventional mass
customization to requiring mass personalized customization, calling for manufacturing systems to be equipped with
reconfigurable machine tools (RMTs) that offer greater flexibility and efficiency and are driven by smart
technologies. In general, the effect of demand fluctuations on the operation of smart manufacturing systems (SMSs)
is subject to a prolonged propagation process, especially when the optimization of key production segments such as
process planning, reconfiguration, and scheduling lacks organic integration, resulting in low efficiency and
responsiveness. To tackle this issue, this article performs integrated optimization of process planning,
reconfiguration, and scheduling for SMSs with RMTs, considering flexible process routes, adaptive RMT
reconfiguration, and flexible scheduling. A deep reinforcement learning (DRL)-based approach is proposed to
address this integrated optimization problem. A reward function based on penalty and prediction enhancement is
devised to guide the learning progress, and a double deep Q-network (DQN)-based training framework is adopted
to explore the best decision actions for each state. Finally, a real-world industry case study and extended numerical
experiments are conducted to demonstrate the practical applicability and superiority of this integrated optimization
approach. Moreover, to further explore the empowerment of industrial optimization through generative artificial
intelligence (GAI), the potential of adopting large language models (LLMs) to address integrated optimization
problems is discussed.

Keywords: Industry 4.0; Smart manufacturing systems; Integrated optimization; Reconfigurable machine tools;
Scheduling optimization; Deep reinforcement learning; Large language models

1. Introduction

Under Industry 4.0, market demand is rapidly transitioning from a reliance on conventional mass customization
to requiring mass personalized customization [1,2], placing greater emphasis on the flexibility, intelligence, and
precision of manufacturing systems [3,4]. The proliferation of product varieties, reduction in batch sizes, increasing
process flexibility, and diversification of machine tool capabilities [5] have collectively intensified the operational
complexity of smart manufacturing systems (SMSs). Within SMSs, process planning, system reconfiguration, and
scheduling are not independent decision-making modules but constitute a structurally coupled decision chain.



Process planning determines feasible operation routes and eligible machine sets, while system reconfiguration
modifies machine tool capability structures and processing-time parameters, and scheduling performs task
allocation and sequencing under the current system configuration. Notably, different process routes directly
influence reconfiguration decisions and the sequencing of operations during scheduling. Moreover, system
reconfiguration alters the feasible regions of both process planning and scheduling, while scheduling decisions
further affect subsequent machine tool load distribution and reconfiguration requirements. Clearly, these three
stages exhibit feasibility-mapping and propagation-based coupling relationships. If decentralized decision-making
is adopted across the three stages, this decomposition often leads to local optima accompanied by imbalanced
resource allocation and frequent reconfiguration adjustments [6]. For example, process planning may generate
operation routes that are feasible under the current capacity configuration but require frequent machine tool
reconfigurations, thereby hindering improvements in overall operational efficiency. Therefore, it is essential to
develop a comprehensive approach that integrates process planning, system reconfiguration, and scheduling
optimization in SMSs. This integration improves the manufacturing system’s ability to optimize resource utilization
and adapt to practical requirements, driving greater efficiency and competitiveness in the era of intelligent
manufacturing.

The concept of reconfiguration stems from reconfigurable manufacturing systems (RMSs), a concept introduced
by Koren et al. [7] to address the needs of mass customization. Flexible production is enabled by reconfigurable
machine tools (RMTs), the key element of reconfigurable technology [8,9], which permit flexible production
through adaptive reconfiguration [10,11]. RMSs allow manufacturers to dynamically adjust production processes
in response to market fluctuations, increasing efficiency and flexibility. With the advancement of smart
manufacturing, reconfigurable manufacturing technology has continued to evolve, integrating with emerging
technologies to further enable adaptability and responsiveness [12—14]. As a result, reconfigurable capabilities have
become a crucial research focus in smart manufacturing within the Industry 4.0 era [15,16]. However, research on
reconfiguration has primarily focused on reconfigurability itself, with relatively few investigations into its
integration with process planning and scheduling. The complex interdependencies between reconfiguration
decisions, process flexibility, and resource scheduling remain underexplored. In particular, existing studies rarely
investigate how modifications in RMT configurations should be coordinated with process routes and scheduling
strategies to optimize overall system performance.

Research on the integrated optimization of process planning and scheduling dates to 1984 and has since developed
into a relatively mature field [17]. Early work in the field aimed to optimize both process planning and scheduling
in a cohesive pattern, bridging the gap between design and execution phases [18]. Over time, this integration gained
popular acceptance for its ability to improve manufacturing efficiency and responsiveness [19]. Subsequent research
has extended this approach to dynamic and uncertain environments [20], further improving adaptability. However,
despite significant advancements in process-scheduling integration, most existing frameworks operate under the
assumption of fixed manufacturing configurations—a limitation that abandons the full potential of reconfigurable
manufacturing systems, which provide more flexibility in adapting to shifting production demands. Addressing this
gap by incorporating reconfigurability into integrated optimization models can elevate the efficiency and reactivity
of modern manufacturing systems to new levels.

In addition, recent breakthroughs in emerging technologies such as big data [21], digital twins [22], Internet of
Things (IoT)-enabled connectivity [23], deep reinforcement learning (DRL) [24], and generative artificial
intelligence (GAI) [25] have created unprecedented opportunities for online integrated decision-making in SMSs.
These technologies provide new possibilities for the online optimization of SMSs through enhanced real-time data
collection, generative analytics, and intelligent automated execution. At the production execution level, enterprises
place greater emphasis on the online responsiveness of integrated optimization decisions than in the past. Even in
relatively steady production environments, integrated decision-making still requires continuous updates during
production execution. This is primarily because, when execution deviations occur at a certain stage, or when
operations are completed earlier or later than planned, the SMS must rapidly adjust subsequent decisions within a
second-level timescale. Although exact or metaheuristic algorithms [26] are relatively conducive to obtaining to
obtaining globally optimal solutions, their solution time often fails to meet rapid response requirements. In contrast,
DRL characterized by offline training and online execution can transform optimization problems into policy
function mappings, thereby enabling rapid state-action decision outputs. Moreover, DRL can implicitly capture the
cross-stage coupling effects among process planning, system reconfiguration, and scheduling through training. This
enables it to effectively model system-level coordination relationships and meet the practical engineering
requirements of Industry 4.0 environments.

This paper investigates integrated process planning, reconfiguration, and scheduling optimization for SMSs with
RMTs based on DRL, simultaneously considering process adaptability (i.e., alternative processing routings),



reconfiguration (i.e., machine tool reconfiguration), and scheduling allocation (i.e., task allocation and sequencing).
Its major contributions are listed below:

(1) A novel integrated optimization problem of process planning, reconfiguration, and scheduling in SMSs is
investigated for the first time, considering flexible process routes, adaptive reconfiguration of RMTs, and flexible
scheduling.

(2) A mixed-integer nonlinear programming (MINLP) model is formulated and transformed into a Markov
decision process, a reward function based on penalty and prediction enhancement is designed to guide the learning
process, and DRL based on a double deep-Q network (DQN) is then tailored to address this problem.

(3) Through a real-world case study involving an SMS with five RMTs and extended numerical experiments of
varying scales, the practical applicability and superiority of the proposed DRL approach are validated. To explore
future research paradigms, the application potential of large language models (LLMs) in addressing the proposed
integrated optimization is discussed.

The sections of this paper are structured as follows. Section 2 reviews the existing relevant literature, and Section
3 contains the problem description and corresponding mathematical model. Section 4 details the proposed DRL
approach, and Section 5 validates the proposed integrated optimization approach through case studies. Section 6
discusses the potential of applying LLMs to address this integrated optimization problem. Finally, Section 7
concludes this paper.

2. Related works

In this section, we survey existing studies on reconfigurable manufacturing system optimization, scheduling
optimization, and integrated process planning and scheduling (IPPS). The significance of our work is underscored
through the following narrative.

2.1. Optimization of reconfigurable manufacturing systems

To increase their flexibility, the concept of reconfiguration has been introduced into SMSs, and the exploitation
of reconfigurable SMSs has gradually gained attention. Huang et al. [27] presented the delayed reconfigurable
manufacturing system (D-RMS) to increase the practical applicability of manufacturing systems. Based on this,
Huang et al. [28] then conducted an integrated optimization of part family and machine configuration for the D-
RMS and proposed an NSGA-III-based algorithm for solving the problem. Pang et al. [29] focused on multi-
machine cooperation in the optimization of reconfiguration scheduling within RMSs, proposing an Aquila method
to address the problem. Zhu et al. [30] considered a human-robot collaboration reconfiguration optimization
problem in an SMS, proposing a NSGA-II to address the problem. Li et al. [31] aimed to minimize total delay costs
by formulating a dual-agent DRL framework for RMS scheduling problems with batch processing, thereby
achieving efficient reconfiguration and operation of manufacturing processes.

To further enhance the reconfiguration capabilities of RMTs and operational efficiency, Vahedi-Nouri et al. [32]
targeted the RMS scheduling problem with the flexibility of RMTs and human—machine collaboration requirements,
formulating a mathematical programming model to minimize the makespan. Guo et al. [33] proposed an improved
genetic method to solve a scheduling problem for flexible reconfigurable manufacturing cells composed of RMTs.
Xu et al. [34] realized virtual-physical mapping based on digital twins and developed a neighborhood search-guided
bionic algorithm to address the system reconfiguration of robotic mixed-model assembly lines, thus providing an
optimized solution for the reconfiguration of that manufacturing system. Rohaninejad et al. [35] specifically focused
on the rapid adaptability of RMTs, developing an efficient decomposition heuristic for solving the RMS scheduling
problem with lot-sizing and RMTs. Huang et al. [36] designed a reconfiguration planning approach based on DQN5s
for SMSs, enabling efficient RMT reconfiguration. Notably, while reconfigurability is pivotal for increasing
flexibility in SMSs, its isolated optimization often leads to fragmented efficiency gains. For instance, the
reconfiguration of machine tools (e.g., module swapping or axis reorientation) may inadvertently disrupt process
route stability or scheduling continuity if not harmonized with these domains.

2.2. Scheduling optimization and IPPS
Scheduling optimization is a core component of SMS operations, aiming to efficiently allocate and sequence

tasks under resource constraints. Given the extensive literature in this area, we have focused on recent representative
studies that implement online scheduling optimization based on DRL. Yao et al. [37] addressed distributed re-



entrant flow shop scheduling by developing an online learning-enhanced artificial bee colony algorithm integrating
Q-learning and state-action-reward-state-action (SARSA) strategies. Park et al. [38] proposed a deep deterministic
policy gradient (DDPG)-based approach for scheduling in semiconductor manufacturing, wherein the agent assigns
product operations to machine tools through an centralized online mechanism. Yang and Xu [39] employed an
advantage actor—critic (A2C) method to solve reconfigurable flow shop scheduling problems, aiming to minimize
the total delay costs, and demonstrated the superior real-time responsiveness of DRL compared with metaheuristic
algorithms. While these studies have achieved notable progress in scheduling optimization, most focus on
scheduling tasks and pay limited attention to multi-stage decision-making—particularly coordinated optimization
with process planning and system reconfiguration.

IPPS is a pivotal research frontier for engineering optimization. For interested researchers, Shen et al. [40] provide
a comprehensive review. Recent advancements in this field are summarized as follows. Li et al. [41] introduced a
genetic algorithm incorporating a neighborhood search to address the IPPS problem; the algorithm was then
validated through an industry case study at a Chinese machine tool enterprise. Liu et al. [19] focused on the IPPS
problem with automated guided vehicle (AGV) transportation, proposing an improved genetic programming method
for simultaneous decision-making within process routing, machine allocation, and AGV task assignment. Haro et
al. [42] proposed an NSGA-II to simultaneously optimize the makespan and production cost for the IPPS problem;
the effectiveness of their method was validated through case studies. Zhang et al. [43] investigated the IPPS problem
within remanufacturing systems by establishing a mathematical model and designing an enhanced artificial bee
colony algorithm to obtain effective solutions. Hosseinzadeh et al. [44] proposed two meta-heuristic algorithms to
address the IPPS problem with sequential dependence, thereby solving the long setup time challenge based on group
processing. Wen et al. [45] developed an enhanced genetic algorithm with a multilayer coding mechanism, enabling
a more comprehensive search of the solution space for the IPPS problem and minimizing the makespan.

As manufacturing systems grow increasingly complex, the ability to respond swiftly to market demand changes
has become indispensable. Explorations of learning-based approaches have begun, owing to these approaches’
superior ability to respond to unforeseen changes for IPPS problems, but related research remains limited. Hu et al.
[46] developed a hybrid genetic algorithm enhanced by learning mechanisms to tackle the IPPS problem with
manufacturing cell recombination for assembly and test workshops. Wang et al. [47] introduced a particle swarm
optimization approach enhanced by reinforcement learning to address the new energy-aware remanufacturing IPPS
problem with process flexibility. Miiller-Zhang et al. [48] conducted IPPS research employing real-time information
provided by digital twins; they designed a deep Q-learning optimization scheme and validated its effectiveness in a
virtual SMS system for an enterprise. However, despite these advancements, most existing [PPS frameworks assume
static machine configurations and fail to account for the dynamic interplay among reconfigurable machine
adjustments, process adaptability, and scheduling resilience. This oversight limits system-wide optimization in
SMSs.

In summary, Industry 4.0 has heightened demands for flexibility, intelligence, and precision in SMSs. As a crucial
enabler of adaptability, reconfiguration requires systematic optimization to fully leverage its potential. However,
optimizing reconfiguration in isolation often results in suboptimal outcomes, as it overlooks interdependencies with
process planning and scheduling. Although the connections between these three aspects are evident, integrated
optimization remains largely underexplored. This paper addresses this research gap by proposing a learning-based
integrated approach to simultaneously optimize reconfiguration, process planning, and scheduling for SMSs with
RMTs.

3. Integrated optimization of process planning, reconfiguration, and scheduling for SMSs

3.1. Problem description

This paper addresses the integrated process planning, reconfiguration, and scheduling problem within SMSs,
where the process planning, RMT reconfiguration, and production scheduling are flexible. The specific details of
the problem are delineated as follows:

An SMS consists of several RMTs that contain multiple configurations. Different configurations of each RMT
have distinct processing capabilities to meet specific processing requirements for workpieces. The positions of the
RMTs are fixed within the SMS space and are connected through a material handling system (e.g., AGVs). The
SMS is illustrated in Fig. 1(a). It receives orders consisting of various types and quantities of workpieces, each of
which contains several machining features. All machining features of the workpieces can be processed by the RMTs
in the SMS, and each feature can be processed by different RMTs under different configurations. In addition, the
machining features of the workpiece exhibit sequential flexibility, as illustrated in Fig. 1(b), meaning that multiple



feasible processing routes exist for a single workpiece. Fig. 1(c) provides an example showing the recontfiguration
flexibility of the RMTs, depicting the mapping between RMT configurations and machining features. For example,
machining feature 1 of product 1 (F11) can be machined by configuration 1 or 2 of RMT M1, or by configuration
2 of RMT M2. Given the existing machining resources and process constraints, this problem aims to solve three
stages simultaneously: determining the process route of machining features for each workpiece, selecting the
appropriate RMT and corresponding configuration for each machining feature, and determining the production
scheduling for each machining feature. The specific assumptions are as follows:

(1) At the initial state, all RMTs are idle and available for processing, with workpieces stored in the warehouse.
(2) During the reconfiguration process, RMTs cannot process workpieces.

(3) Reconfiguration can only occur when an RMT is idle, meaning that no workpieces are being processed on the
RMT.

(4) The SMS has sufficient capacity to meet the transportation demands of the workpieces.

By addressing these challenges, the core objective is to develop an integrated optimization scheme that minimizes
the makespan while handling the flexibility of process planning, RMT reconfiguration, and scheduling. The analysis
thus focuses on three key perspectives: workpieces, RMTs, and their interactions. From the workpiece perspective,
process sequence flexibility is considered, allowing different machining features to be arranged in varying orders
when there are no strict constraints. From the RMTs’ perspective, reconfiguration enables the RMTs to perform
multiple processing functions, but it involves optional types and time constraints. Lastly, in terms of workpiece—
RMT interactions, different workpiece features can be processed using different RMT configurations, leading to
diverse machine setup combinations and highlighting the inherent process flexibility when mapping workpieces to
RMTs.

=
T e

RM
Msy 0
|

Configurations

s B ) )
Bl ke &) e & 0a &

(b) (c)

RME RMT
| Smart manufacturing system
(a)
1 N B Q:w-ﬂ —»(mz \—»\F«ré\—» ) 8 g
I Ff) | O e/ N O/ J |
| | LN oSN ~ = .
o 4 \ ) | PR2 Q=1-1)+Q=1-2}+&F+4}+&F+3\ | m er
| @2%—»@-3) :»' = AL AL AL M1 ‘“j '
| N 17 PR3 &F1~1 \,—»(\H-s\—»’\f*rz\—»@-ﬂ, 77N !
| X ¥ : | - J ) =/ P/ : I b ©2) |
| . N |
| |
I I | : :
| I

Fig. 1. Typical SMSs with RMTs.
3.2. Parameter notations

The nomenclature involved in the mathematical model of the integrated optimization problem in SMSs is given
in Table 1.

3.3. Mathematical model

To describe the integrated optimization problem, an MINLP model is formulated. The formulation is built upon
the symbols defined in Table 1.



Table 1

Nomenclature.
Types Symbol Description
w Index of types of workpieces, w = (1,2,...,W)
i Index of machining features within workpiece w, i = (1,2,...F,)
Indices
m Index of RMT, m = (1,2,..,.M)
c Index of configurations of RMT m, ¢ = (1,2,...,Cpn)
w Number of workpiece types in the order
F., Number of features in workpiece W
M Number of RMTs
Cnm Number of configurations of RMT m
Ny, Total quantity of workpiece W in the order
Whether feature ¢ of workpiece W can be processed using configuration ¢ of RMT m.: if so,
Awimc A =1- : A, =0
Constants wime = 1; otherwise, Awimc
Processing time for machining feature ¢ of workpiece W using RMT m with configuration
thimc . . . . . . . . .
¢ (including actual processing time, preparation time before processing, discharge time, etc.)
Rt . Time required for RMT m to reconfigure from configuration ¢ to configuration €
Tty m Time required to transport the workpiece from RMT m  to RMT m
PF Set of predecessor features for machining feature i of workpiece W
L A large enough number
) tSwi Start time for machining feature { of workpiece w
Intermediate
and decision
variables

teyi Completion time for machining feature ¢ of workpiece W




tf,, Completion time of workpiece W

Whether feature i of workpiece W is processed using configuration ¢ of RMT m. if so,

Xwi .

wime Xwime = 1; otherwise, Xwime =0

, Whether feature i of workpiece W processing is completed before processing feature i: if
Ywii =1 . L=
50, Ywi i = 1; otherwise, Yy =0
M Whether feature § of workpiece W processing is followed in feature { of workpiece W in
WEWE the processing task of RMT m: if so, zs, ;.= 1; otherwise zs’ ;.=
Objective: minimize the makespan.

min: makespan = max(tf,); Vw € {1,2,...W} €))

Subject to:

Constraint (2) ensures that the processing of features is continuous and uninterrupted. Constraint (3) stipulates
that, for features with processing sequence constraints, a subsequent feature can be processed only after the
predecessor features of the workpiece have been completed. Constraint (4) indicates that the completion of all
features of a workpiece represents the completion of the workpiece processing.

tCwi - L(l - xwimc) < tSWi + thimc X NW < tcwi + L(l - xwimc);

VweE {12, ,W}i€{12,..,F,}meE{12,.,M}c€{12,..,C} ()
e,y <tsy; VWE{1,2,. ,Whi€{1,2,..,F,};i €PFy, (3)
ey < thy; Vw € {1,2,...Whi € {1,2,...F,,} 4)

Constraints (5-7) define the production time constraints for the feature processing of the same workpiece and
must meet the requirements of the feature sequence constraints. When a workpiece is processed on different RMTs,
it must first be transported from the RMT used for the previous machining feature to the next designated RMT.
Constraints (8-9) ensure that the first machining feature of each workpiece can only start after the workpiece has
been transported from the warehouse to the corresponding RMT. Constraint (10) ensures that all features must be
machined by an RMT and that each feature is only processed by a single configuration of a single RMT. Constraint
(11) indicates that the configuration of the RMT selected for machining a specific feature needs to have the
corresponding machining capability.

te,; + Tty S tsw; + L(3 —Xwim' ¢ — Xwime — Ywi i); Vwe {1'2""'W};

mm —
L €{1,2,.,F i # i ;mm €{1,2,..,M}c €{1.2,.,Cnlic €{12,..C, '} (5)

tey; + Tty <ts,; +L(2—x — Xwime T Yui ) VWE{L2,., W}

wi'm ¢
L €{1,2,.,F i # i ;mm €{1,2,..,M}c€{1.2,.,Cnkic €{12,..C, '} (6)
Vi i =0 YWE {12, Whi €{1,2,..F,};i€PF,; (7)

Ttom < tswi + L(2 — Xwime — Ywo i)

VwE{1,2,. W} i€{12,.F,}mE {12, M}c€{12,..,Cn} (8)



Y Ywoi=LwE({12,.. W} 9)

SM S ime = L WE {1,2, . Whi € {1,2,...F,,} (10)

Xwime < Awimes W € {1,2,. . Wi € {1,2,..,F, }ym€{1,2,..,M};c€{1,2,.,C,} (11)

Constraints (12—14) define the non-pre-emption time constraints for the feature processing on the same RMT.
When processing different workpiece features sequentially on the same RMT, if the two workpiece features require
different configurations, a reconfiguration operation must be performed. Constraint (15) ensures the switching time
constraint related to the initial configuration of the RMT is met. Constraint (16) ensures the processing sequence of

features on the same workpiece is followed. Finally, constraints (17-18) define the domain and nature of the
variables.

tc, s + Rt . <tsy; + L(3 =Xy i mc — Xwime = Zyy ¢ wi); Yww €{12,.,W};
bl € (1,2, Fu Wi =W i M € {12, M}CC € {1,2,,Con) (12)

tew; + Rty Sts,p + L(2 =Xy i me ~ Xwime + Zy wi); vww €{L12..W};
L €{1,2,..Fy}wi#w,i;me {12, ,Mpcc €{12,.,0pn} 13)
2— L(l -z WL.) <Y Xy i me T X" Xyime S 2+ L(l =72,y wi);

Vww €{12,. . Wkii €{1,2,.F,wi#w i ;me{1.2,..,M} (14)

F
Rtm 1c¢ < tSWl' + L(Z — Xwimec — Zvvll// Zi»w Zm' );

w i wi

VWE {12, . W} i€ {1.2,.,F,} mE{1.2,.,M}c € (1,2,..,Cn} (15)
Z SV s VWE L2, W) LI €({1,2,.,F )i #i me{1,2,.,M} (16)
tsyotewntf, = 0; 17

XwimerYwi' 2y i € £0,1} (18)

4. DRL framework and algorithm

To address the proposed mathematical optimization model, the model is mapped into a Markov decision process
(MDP), which includes the specification of states, actions, and associated rewards. The reward function is
specifically designed using penalty and prediction enhancement to effectively guide the learning process.
Subsequently, combining the characteristics of integrated optimization problems, a double DQN-based training
framework is employed to learn and solve the constructed MDP. During the exploration and optimization process,
the mapping relationship between the machining features and RMT configuration is continuously adjusted,
ultimately achieving the solution to the integrated problem.

4.1. The MDP for the integrated optimization

The construction of an MDP is an abstract representation of event sequences within an integrated optimization
model. An MDP provides a mathematical framework for sequential decision-making, in which the future state of
the system depends solely on its current state and the selected action—a property known as the Markov property.
Formally, a MDP is composed of the state S, action A, reward function R, and state transition matrix SP. In this
way, the dynamic interactions among process planning, RMT reconfiguration, and scheduling can be systematically
captured, establishing the training environment foundation for DRL.



4.1.1. State space

The state space is utilized to reflect the real-time production status and specific progress in the SMS. It is
represented as a four-tuple: S = < N,FS,CS,P >, where N represents the number of completed machining
features. The order is completed when the number of completed machining features equals the total number of
machining features of all workpieces. FS = (FS{,FS,,...FSy,) denotes the completion status of all machining
features of workpieces. FS,, = (fY.f7,...fr,) is defined as the completion status of machining features for
workpiece w. The completion status of machining feature i for workpiece w is defined as f}'. When the
machining feature is not completed, f¥ =0; otherwise, f¥ =1. CS=(CS{,CSy,CSy) indicates the
configuration of RMTs in the SMS at the current state. CS,, is defined as the configuration of RMT m at the
current state, where CS,, € (1,2,..,C,,). P = (p1,02,---Pw) represents the current location of the workpieces—that
is, the index of the current RMT where the workpiece is located. p,, is defined as the index of the current RMT
where workpiece w is currently located; that is, p,, € (0,1,2,...,M), where 0 means that the workpiece is in the
warehouse.

4.1.2. Action space

The action updates the state by arranging the machining of specific workpiece features. The action space in the
integrated optimization problem for an SMS can be structured into four components: selecting the workpiece to be
processed, selecting its machining feature (process flexibility), selecting the RMT for machining (scheduling
flexibility), and selecting the configuration of the RMT (reconfiguration flexibility). Based on this, the action space
can be represented as A = ((1,1,1,1),(1,1,1,2),(w,im,c) ,....(W,F,,,M,C,,)), where action (w,i,m,c) denotes the
selection of RMT m with configuration ¢ to process machining feature i of workpiece w. Notably, not all
RMTs and configurations can process machining feature i of workpiece w. Hence, the action space is effectively
reduced during the action-selection process by requiring that the selected RMT m and configuration c¢ satisfy
Ayime = 1. An example of action selection demonstrates the flexible combination of process, reconfiguration, and
scheduling, as shown in Fig. 2. In the scenario with three RMTs shown in the figure, suppose that five operations
corresponding to workpieces 1 and 2 are currently available for processing. In this case, the action space consists
of seven feasible action choices (a; — ay) that satisfy the constraint A, = 1.

‘c

€
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X |
| |
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Fig. 2. Flexible combination of action selection.

4.1.3. Reward function based on penalty and prediction enhancement

The reward function R(s,a) denotes the feedback an agent receives when executing action a in state s. It
determines the direction of optimization in the DRL algorithm and is a crucial metric for achieving the optimization
objective. To minimize the makespan in the SMS, a reward function that considers a penalty value and the maximum
process time prediction enhancement is designed, defined as Eqgs. (19-21):

_ (EC; —EC¢41, (s,a) € condition 1
R(spar) = {penalty value, (s,a) € condition 2 (19)

s=S$;



EPT, = Z(w,i)eUFt< max (Ptyime) X NW> (21

wime =

Here, condition 1 indicates that the selected action satisfies A,,;me = 1. The reward is calculated as EC; — ECyy 1,
where EC, is the estimated completion time in state s; before the current action is performed. Similarly, EC;4q
is the estimated completion time in state s, after the current action is performed. condition 2 indicates that the
selected action combination does not satisfy A,;me = 1. To prevent its selection, a negative penalty value will
be incurred.

Notably, under the makespan objective, the minimum completion time can be estimated by the sum of the process
times when each machining feature is processed using the RMTs and configurations that minimize process times.
However, the consideration of machining also involves the transportation between different RMTs and the
reconfiguration between different configurations of RMTs; this increases the complexity of accurately estimating
the completion time and typically results in a higher final completion time than when only process times are
considered. In light of this, we designed a method to predict the future processing progress pressure based on the
time required for unfinished workpiece features, to increase the effectiveness of rewards.

The formula for estimating completion time EC, is shown in Eq. (20). It consists of the latest completion time

max(tc,,;) of the already-scheduled machining features in current state s; and the maximum process time of the
S=5;

remaining unfinished machining features EPT;. EPT; is employed to predict the enhanced EC, by correlating with
the maximum process time of the corresponding RMT and configuration, thereby reducing the gap between EC,
and the actual final completion time and thus improving the accuracy and rationality of the estimation. The
calculation formula for EPT, is shown in Eq. (21). UF, represents the set of unfinished machining features under
state s;. Considering that these unfinished machining features may belong to different types of workpieces, the
elements in UF, are in the form of pairs (w,i). Under the condition that A ;. = 1, the RMT and configuration
with the maximum processing time are selected to estimate the completion time.

The consistency between the reward function based on punishment and prediction enhancement and the objective
of integrated optimization in the SMS is illustrated as follows: The ultimate optimization target of DRL is to
maximize the cumulative reward function ZgR(st,at), where T denotes the total number of time steps. ECg
represents the estimated completion time at the initial state sy, when no machining features of any workpiece have

been scheduled yet; hence, max(tc,,;) =0 and ECy = EPTy. When all machining features have been scheduled
s =5g

and the state reaches the final state sy, EC; denotes the estimated completion time of the SMS corresponding to
the final state s after scheduling completion. At this point, since there are no remaining unfinished workpieces,

EPTr = 0, and thus ECy = max(tc,,;) = makespan. Therefore, substituting the reward function from Eq. (19) into
S=ST

the cumulative reward function, the cumulative reward function is calculated as shown in Eq. (22):
YT R(sya,) = EPTy —makespan + penalty value X n, (22)

where EPT( represents the sum of the maximum processing times of unfinished machining features at the initial
state. At this point, none of the machining features have been scheduled on any RMT, so EPT, equals the sum of
the maximum processing times of all machining features. Under identical order conditions, EPT( remains constant.
As the makespan decreases, the cumulative reward value increases, aligning with the optimization direction in
the DRL learning process.

Let n, denote the number of erroneous actions taken. Since the penalty value is a negative constant,
penalty value X n,, < 0. To ensure that Zg R(sya;) increases, n, must decrease. Thus, minimizing the number

of erroneous actions leads to a higher cumulative reward value, which corresponds to the expectation of reducing
erroneous actions during the learning process.

4.2. Training framework based on double DON

The integrated process planning, reconfiguration, and scheduling optimization problem is a high-dimensional
problem, with the state and action spaces having considerable complexity. The DQN is a widely used DRL
algorithm that leverages neural networks to approximate the Q-value function. This approach effectively overcomes
the scalability and generalization limitations of classical Q-learning in environments with large state and action



spaces. However, DQNs are prone to overestimating action values due to their use of a single network for evaluation
and execution. To address this issue, a double DQN is adopted as the training framework. Compared with a classical
DQN, a double DQN employs two separate Q-networks to select the best action and evaluate the Q-value of the
chosen action, thereby mitigating the over-estimation issue in DQNs and effectively improving the algorithm
performance. The integrated optimization based on the double DQN is shown in Fig. 3.
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Fig. 3. The integrated optimization based on a double DQN. & is the action yielding the maximum Q-value under the state s, 1.

The double DQN training framework remains a value-based approach, where the agent selects actions that
maximize cumulative rewards based on the Q-values of given states. The Q-value function is calculated as shown
in Eq. (23).

Q" (spar) = E[Tt +y(rer + ot Vk_lrt+k—1)|5t'at] = E[r: + yQ™ (St+1,ar+1)|S0ar]  (23)

Policy m is defined as the probability distribution for choosing actions under specific states; that is, the
probability of choosing an action (w,i,m,c) composed of workpiece types, machining features, machines, and
configuration under state s; =< N, FS;,CS¢,P¢ > . By performing action a., the state transitions from s; to S¢y1,
receiving the corresponding reward 7. The discount factor y € [0,1] is used to represent the attention degree that
an agent pays to future rewards during the learning process. E[ - ]is the mathematical expectation operator, and Q™
stands for the state-action Q-value function evaluated with policy 7.

For the policy formulation, an exploration rate € € [0,1] is introduced to represent the probability of randomly
choosing an action, thereby balancing exploration and exploitation during the iterative episode. By gradually
decreasing the value of € and ultimately maintaining it at & = &,;, during the iteration episode, new actions and
states are explored more frequently at the beginning of the iteration. After sufficient exploration, the Q-networks
converges stably to the best action, thereby avoiding slippage into local optima. The e-greedy strategy and the
update equation of € at each episode are shown in Egs. (24) and (25).

. _ fa=argmax,Q"(s,a), pr=1—¢
T SoA= { 4 = Qrandom, Pr =¢€ (24)
Ere1 = MaX(Emin, £ X P) (25)

where argmax,Q"(s,a) represents choosing an action with the maximum Q-value in the existing state, and
Qrandom Tepresents an action randomly chosen out of the action space. The probability pr of a policy decision is
based on &. The exploration rate & is updated after each iteration episode, where p € [0,1] represents the decay
rate of €. After determining the chosen action, the Q-value update process is as shown in Eq. (26). Q°(s,,a,) and
Q" (sp,a.) denote the action Q-values before and after updating, respectively. The learning rate a € (0,1) affects
the extent to which new information updates the existing Q-values.

Q™Y (spa)—(1— “)QOld(St,at) + a[rt + YmaXa[+1eAQn(5t+1.at+1)] (26)

The pseudocode for integrated optimization training using the double DQN is presented in Algorithm 1. First, the
neural network parameter 6 is set based on Kaiming initialization. Then, the action a; is chosen according to the



e-greedy strategy, and the generated sample (s;,a.,7¢5:+1) 1S stored in the experience replay buffer after calculating
the reward 1. The Q-value network is trained using mini-batch sampling, where the Q-network is employed for
value evaluation and the target Q-network for value updating. This approach effectively ensures training stability
and mitigates overestimation caused by bootstrapping. Finally, the neural network is trained by the Adam optimizer
based on the loss function Lg, where 6~ and 6 are synchronized at fixed interval steps.

Through iterative training, the neural networks in the double DQN progressively update their parameters. This
enables the algorithm to select the optimal action for a given state based on the learned Q-value function. Ultimately,
the double DQN algorithm generates an integrated optimization solution for the SMS to handle the current
production tasks, encompassing process routing decisions for different workpieces, reconfiguration plans for each
RMT, and corresponding scheduling plans.

Algorithm 1: Integrated optimization based on the double DQN.

Input: Order information, processing-related information, and RMT information

Output: The weight parameters 0 of the Q-network

1. The Q-network Qevaluate is initialized using the Kaiming initialization to generate the weight parameters 0

2. Initialize the target Q-network Qrarget and set the weight parameters 8~ =0

3. For episode = 1:Total_episodes do

4.  Initialize the scheduling point ¢ = 0 and state S; = So

5. While (t#T)

6. Based on the &-greedy strategy, randomly select action a; with probability €; otherwise, choose action a; = argmaxg,
Qevaluate(s,a,0)

7. Execute action @, transitioning state S¢ to Se+1 and receiving reward T¢

8. The experience sample (s;,a:7:,S¢+1) 1S stored in experience replay pool

9. Randomly select the samples from the experience buffer pool with batch size B for training

_ . wher
ri+ VQtarget(Sj+1:argmaxa,»+1eAQevaluate(Sj+1vaj+1;9);9 ) Otherwise ’

10. Set ¥j = {

2
11. Calculate the loss function Lg = (Yj — Qevaluate(s jxaj;g)) ,and 6 isupdated based on gradient descent




12. After every training interval steps IS, synchronize parameters to the target Q-network 6~ =0

13. End While

14. End For

5. Case study

The effectiveness of the proposed double DQN based on penalty and prediction enhancement for integrated
optimization in SMSs is evaluated through an industrial case and its extended numerical experiments. A comparative
analysis with other algorithms demonstrates the performance advantages of the adopted integrated optimization
approach. The experiments are conducted using Python 3.12 on a system equipped with an Intel Core i5-12600KF
processor (Intel Corporation, USA), 32.0 GB of RAM (Kingston Technology, USA), and a NVIDIA GeForce RTX
4060 Ti GPU (NVIDIA Corporation, USA).

5.1. Basic case study information

The case data originate from a real factory, which is classified as an SMS with five RMTs. The digital twin and
corresponding layout of the investigated SMS, along with the initial configuration of the RMTs, are shown in Fig.
4. For example, M1 denotes the RMT with index 1 in the SMS, and C11 denotes the configuration with index 1 of
RMT M1. The required raw materials are prepared and stored in the warehouse, and the workpieces are transported
to the appropriately configured RMT during the production process. Each RMT can be reconfigured to provide
various machining capabilities to meet different processing requirements. When the RMT switches from one
configuration to another, a reconfiguration time is incurred due to the replacement and adjustment of components.
Fig. 5 presents the transportation times among different RMTs, as well as the complete configuration sets available
for each RMT and the corresponding reconfiguration times (indicated by the numbers above the red arrows). All
time-related parameters in the case data are measured in seconds.

Fig. 4. Layout of the RMTs and initial configuration in the case study.
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Fig. 5. Transportation time and reconfiguration time (in seconds).

In this case study, the order received by the SMS consists of different types of workpieces. The machining
features, precedence constraints of the machining features in each type of workpiece, and demand quantity of these
workpieces are shown in Fig. 6. The process sequences of a specific workpiece can be flexible. For example, for
workpiece P1, there are no precedence constraints among the three machining features F11, F12, and F13, but F14
must be processed after F13. For workpiece P4, the machining feature F41 must be completed before F42 and F43
can begin, and F44 can only be processed after either F42 or F43 has been completed.
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Fig. 6. Order information.

The mapping relationship between the machine configurations and the workpiece features in this case study is
shown in Fig. 7. According to the previously mentioned notation, a mapping exists only when configuration ¢ of
RMT m is capable of processing feature i of workpiece w—thatis, Ayime = 1. From the perspective of machine
configurations, configuration 1 of RMT M1 can process features F11, F33, and F43, corresponding to the feasible
mapping combinations A1111, A331, and A4311. From the perspective of workpiece features, feature F61 can be
processed either by configuration 4 of RMT M2 or by configuration 3 of RMT M4, corresponding to the feasible
mapping combinations A6124 and A6143. All mapping combinations are categorized according to the type of
machine tool and are listed below Fig. 7. In addition, the processing times corresponding to the mapping
combinations are provided in Table 2. Due to differences in RMT performance and the complexity of processing
various features, the processing times vary across different configurations and features. For example, the processing



times of A6124 and A6143 are 23 and 26 s, respectively. Clearly, a single machine configuration can process
multiple workpiece features, and a single workpiece feature can be processed by different machine configurations.
The decision-making process requires the flexible selection of machines and configurations based on the machine’s
current configuration, machine availability, and varying processing times.
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Fig. 7. Mapping relationship between configurations and features in the case study.
Table 2

Processing time of mapping combinations.

Mappi  Processing time Mappi  Processing time Mappi  Processing time ~ Mappi Progessi Mappi Progessi
ng (s) ng (s) ng (s) ng ns time ng ns time
(s) (s)
Allll 15 A3311 18 A4311 15 A2212 5 AS112 21
A6312 16 Al413 10 A4213 14 AS313 16 A3121 22
A4421 20 Al1222 12 A4122 9 AS222 10 A2323 14
A6223 25 Al1324 20 A3324 14 A6124 23 A2131 17
A5131 24 A3232 13 Al1433 8 A4333 18 Al141 10
A3141 25 A6341 19 A2242 8 A4242 14 A5342 15

Al243 12 A3343 16 A6143 26 A2351 17 A5251 12



Al1352 24 A4152 7 A4452 22 — — — —

Based on the above case data from the investigated factory, an integrated process planning, reconfiguration, and
scheduling instance denoted as IPRS 6-5-400 is defined according to the number of workpiece types (W), the
number of RMTs (M), and the maximum quantity of workpieces (max(N,,)). To further comprehensively validate
the robustness and superior performance of the proposed method across different problem scales, eight additional
extended instances are constructed based on IPRS 6-5-400, covering small-, medium-, and large-scale scenarios.
The small-scale instances include IPRS 6-5-400, IPRS 7-5-500, and IPRS 8-5-600; the medium-scale instances
include IPRS 9-7-700, IPRS 10-7-800, and IPRS 11-7-900; and the large-scale instances include IPRS 12-9-1000,
IPRS 13-9-1100, and IPRS 14-9-1200.

5.2. Parameter settings

The parameter values are determined using a design of experiments (DOE). The key parameters of the proposed
double DQN with penalty and prediction enhancement (PPE-DDQN) include the penalty value in the reward
function, the learning rate «, the discount factor ¥, the replay buffer Rb, and the batch size B. The orthogonal
array L16(4°) is adopted to define the parameter levels as follows: penalty value = —10, —20, —30, —50; «
= 0.0005, 0.001, 0.005, 0.01; y = 0.90, 0.93, 0.96, 0.99; Rb = 2000, 4000, 6000, 8000;and
B =128,256,512,1024. The makespan is used as the performance indicator to evaluate the effects of different
parameter combinations and to obtain the influence trends of the parameters, as shown in Fig. 8. The optimal
parameter combination is penalty value = —30, a = 0,001, y = 0.90, Rb =8000, and B = 1024.
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Fig. 8. Effects of key training parameters.

Moreover, the ranking of the influence of the key training parameters on algorithm performance is: y >
penalty value > @ > Rb > B. This ranking indicates that the algorithm performance is primarily influenced by
parameters that directly affect the long-term reward evaluation and policy-learning dynamics, such as the discount
factor y, penalty value in the reward function, and learning rate «. In contrast, parameters related to sampling
efficiency and training stability—including the replay buffer Rb and batch size B—mainly affect training
efficiency rather than the final scheduling performance, resulting in relatively smaller impacts on the optimization
results. In addition, other parameters are set as follows: The maximum number of training episodes is
Total_episodes = 2000, and the weight update interval between the main Q-network and the target Q-network is IS

=100 steps. During each training process, the &-greedy strategy is adopted with the parameter defined as € =
max(0.0S, e—14/ Total_episodes), which decays from 1 to 0.05. This strategy enables sufficient exploration of
applicable scheduling states during the early training stage and facilitates stable convergence toward optimal actions
in the later stage, thereby preventing the algorithm from falling into local optima. In the same way, DOE is
performed on each comparison algorithm to ensure the best parameters set. Similarly, a DOE procedure is performed
for each of the comparison algorithms to determine their optimal parameter settings.

5.3. Training performance and model validation

The training process and performance results of the PPE-DDQN for the industrial case (IPRS 6-5-400) are
illustrated in Fig. 9. To better reflect the training performance, a moving average is applied to the cumulative reward



values and objective with a selected sliding window size of 15. Additionally, to observe the actual optimization of
the objective during the iterations, the best objective obtained from the beginning of the iterations to the current
iteration count is recorded. This tracking facilitates monitoring of the algorithm’s convergence and performance
progress, providing an intuitive view of the optimization process. As shown in Fig. 9(a), the agent began to explore
relatively good solutions after 718 iterations and steadily reached the best makespan of 24 090 after approximately
1200 iterations. As expected, Fig. 9(b) shows a strong negative correlation between the return and the makespan.
During training, the cumulative reward fluctuates but exhibits a steady upward trend, verifying the correctness and
effectiveness of the designed reward function. Meanwhile, the loss value gradually stabilizes and converges over
time, indicating that the training process remains in an effective learning state.

The correctness of the constructed mathematical model is verified using the CPLEX 12.9.0 solver (IBM
Corporation, USA). First, the nonlinear term involving the maximization operator in the optimization objective is
linearized. Subsequently, the branch-and-cut (B&C) method embedded in CPLEX is employed. Under a time limit
of 2 h, the optimal solution for the industrial case is successfully obtained. However, for the extended instances, no
feasible solution is found within the same time limit. Figs. 9(c) and (d) present the Gantt charts of the best solutions
obtained by CPLEX and PPE-DDQN, respectively. The results show that PPE-DDQN achieves the same optimal
objective value as the CPLEX solver for the industrial case. Although the specific scheduling schemes differ to
some extent, both solutions satisfy the precedence constraints among the machining features of the workpieces, and
all process features are assigned to the corresponding RMTs and configurations capable of performing them. This
validates the correctness of the mathematical model and the effectiveness of the proposed optimization method.
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Fig. 9. The training process and performance results of PPE-DDQN. (a) Makespan iteration; (b) return iteration; (c) Gantt chart
obtained by CPLEX; (d) Gantt chart obtained by PPE-DDQN.



5.4. Comparative analysis

5.4.1. Comparison of the effectiveness of the reward function

To demonstrate the effectiveness of the proposed penalty and prediction-enhanced reward function, experiments
were conducted to evaluate its ability to guide the agent in capturing the complex matching relationships among
process planning, reconfiguration, and scheduling in the integrated optimization process. Accordingly, the proposed
method was compared with an original double deep Q-network (O-DDQN), which adopts a reward design solely
based on the optimization objective, and a random action selection strategy (Random). In O-DDQN, the reward

function is determined only by the latest completion time max(tc,,;) of the already scheduled machining features
S=5;

in the current state s;. To ensure a fair comparison, all other settings are kept identical except for the construction
of the reward function.

Table 3 reports the performance of the algorithms across instances of different scale. The results show that PPE-
DDOQN outperforms both O-DDQN and Random across all instances, indicating that it can explore more promising
regions of the solution space. In addition, both PPE-DDQN and O-DDQN outperform the Random strategy,
underscoring the importance of agent-based learning models and demonstrating that agent learning enables better
selection of appropriate policy strategies.

Furthermore, the superior performance of PPE-DDQN over O-DDQN confirms the effectiveness and necessity
of the penalty and prediction-enhancement strategy. In particular, for integrated optimization problems involving
multiple coupled sub-decisions, the penalty mechanism guides the agent away from infeasible or suboptimal actions,
while the prediction-enhancement mechanism improves the consistency between intermediate rewards and the final
makespan objective. By providing more informative feedback during training, the proposed reward design
accelerates convergence and improves both training efficiency and solution quality. Therefore, the penalty and
prediction-enhanced reward function constitutes an effective reward design strategy for such integrated optimization
problems.

Table 3

Performance of different algorithms.

IPRS IPRS IPRS [IPRS [IPRS IPRS IPRS IPRS IPRS
Algorithms
6-5-400 7-5-500 8-5-600 9-7-400 10-7-800 11-7-900 12-9-1000 13-9-1100 14-9-1200

PPE-DDQN 24 090 25080 25920 36630 32210 48770 41820 49590 66 130

O-DDQN 25330 30240 30950 37230 36000 49630 54300 64750 87 300

Random 27320 34830 34430 39450 45170 54310 68090 78450 97300

5.4.2. Comparison experiment with baseline methods

To further verify the superiority of PPE-DDQN, it was compared with several classical and recently proposed
advanced baseline methods.

(1) Value-based DRL architectures. Two value-based baseline methods were constructed based on the DQN
training framework proposed by Huang et al. [36] for reconfigurable manufacturing optimization and the dueling
DQN training framework proposed by Liu et al. [49]. When the proposed penalty and prediction-enhanced reward
function is included, the resulting methods are referred to as PPT-DQN and PPT-dueling DQN, respectively.

(2) Policy-based DRL architectures. These architectures include two categories: deterministic policy DRL
methods and stochastic policy DRL methods. Deterministic policy DRL methods generally exhibit more stable
action outputs. Based on the DDPG proposed by Park and Park [38] for scheduling problems, a baseline method
termed PPT-DDPG was developed for the investigated scenario. In contrast, stochastic policy DRL methods



effectively explore the action space during training. Based on the A2C proposed by Yang and Xu [39] for intelligent
scheduling and reconfiguration in manufacturing workshops, a baseline method termed PPT-A2C was developed
to address the investigated problem.

(3) Meta-heuristic algorithms. Meta-heuristic algorithms are widely used in manufacturing system optimization
and continue to be applied extensively in related fields. Since the problem investigated in this study has not been
previously explored, several methods originally designed for similar integrated optimization problems were selected
as baseline algorithms for comparison, including the modified genetic algorithm (MGA) [50] and particle swarm
optimization with hybrid adaptation (PSO-HA) [51] for solving IPPS problems. In addition, recently proposed
methods such as the hybrid genetic algorithm with particle swarm optimization (GA-PSO) [52] for integrated
inventory and maintenance optimization and the knowledge-driven co-evolutionary algorithm (KDCEA) [26] for
integrated production-distribution scheduling were considered. To ensure a fair comparison, all competing
algorithms adopted the same encoding and decoding schemes for solution representation. In addition, considering
the differences between our problem and those addressed in the original studies, we adaptively modified the
objective function and several unsuitable strategies. All other procedures remained consistent with the original
algorithms.

Table 4 shows the performance and execution time of the algorithms across different instances, with the best
values highlighted in bold. The results indicate that the proposed PPE-DDQN achieves the best solutions for almost
all instances, demonstrating clear superiority in optimization performance. Although PPE-DDQN performs slightly
worse than KDCEA on IPRS 13-9-1100, it achieves a comparable best solution with an execution time of only
12.53 s, enabling a rapid online response that is difficult for the iteration-based KDCEA to achieve. To examine
whether the differences among algorithms are statistically significant, the Wilcoxon signed-rank test was conducted
to perform pairwise statistical comparisons at a significance level of 0.05. This test does not rely on the assumption
of normality and is suitable for comparing paired data sets containing nine experimental results per algorithm,
enabling a more robust assessment of performance differences between algorithms. The corresponding results are
presented in Table 5, showing that statistically significant differences exist between PPE-DDQN and all compared
algorithms. These findings further validate the effectiveness and superiority of the proposed PPE-DDQN in solving
the investigated practical problem.



Table 4

Experimental performance comparison.

IPRS 6-5-400 IPRS 7-5-500 IPRS 8-5-600 IPRS 9-7-700 IPRS 10-7-800 IPRS 11-7-900  IPRS 12-9-1000  IPRS 13-9-1100  IPRS 14-9-1200

Algorithms

Objective Time (s) Objective Time (s) Objective Time (s) Objective Time (s) Objective Time (s) Objective Time (s) Objective Time (s) Objective Time (s) Objective Time (s)

PPE-DDQN 24090 5.63 25080 5.72 25920 7.24 36630 8.68 32210 9.74 48770 9.96 41820 1135 49590 1253 66130  13.71

PPE-DQN 25010 5.39 29020 6.18 30320 5.83 37270 8.57 37020 9.11 49640 9.24 53830 1096 53780  12.16 72210  12.89

PPE-DuelingDQN 24970 6.91 30650 7.33 29900 8.15 39090 9.58 40700 1031 51750  10.35 56290  12.18 62580  14.02 83180  15.96

PPE-DDPG 25330 4.27 31800 4.85 32120 6.18 37930 6.21 41410 8.02 51680 9.96 59640  10.72 71510 11.86 92540  12.87

PPE-A2C 25920 5.50 32280 5.46 32300 6.79 37610 7.07 40070 8.75 52670 1020 60170 11.84 56630  13.79 89170  13.20
MGA 24130  693.69 26550 604.65 26280 667.35 37230 781.47 32210 816.53 49630 866.10 43190 1019.68 52220 1061.41 67720 1099.89

PSO-HA 25000 668.62 31620 57842 32040 637.89 36790 684.31 41670 731.51 51310 79847 61220 934.87 73890 91558 94410 963.81

GAPSO 24100 1404.75 26480 1223.71 26390 1293.67 37230 1389.67 32210 1501.63 49630 1642.11 47970 1796.43 54290 1916.42 79130 1973.21

KDCEA 24090 706.26 25880 622.76 26340 67534 37230 796.85 32210 832.03 48770 888.19 43220 1051.36 49400 1084.41 68270 1123.28




Table 5

Wilcoxon signed-rank test results.

Pairwise algorithm comparison p value (objective)

PPE-DDOQN vs PPE-DQN 0.0020

PPE-DDQN vs PPE-DuelingDQN  0.0020

PPE-DDOQN vs PPE-DDPG 0.0020
PPE-DDQN vs PPE-A2C 0.0020
PPE-DDQN vs MGA 0.0039
PPE-DDQN vs PSO-HA 0.0020
PPE-DDQN vs GAPSO 0.0039
PPE-DDQN vs KDCEA 0.0313

The excellent performance of the proposed algorithm derives from its design. First, the learning-based approach
can capture multi-stage decision-making features, including process planning, reconfiguration selection, and
scheduling optimization. Compared with meta-heuristic optimization algorithms that rely on iterative searching, the
proposed method achieves comparable solution quality while significantly reducing the computational time, which
constitutes its primary advantage. Second, the penalty and prediction-enhanced reward function mitigates the
difficulty of accurately estimating completion times in multi-stage integrated optimization problems, limiting blind
policy exploration and thereby improving the rationality and effectiveness of the search process. Finally, the double
DQN-based training framework effectively captures the relationship between states and actions, enabling the agent
to select the most appropriate action combination at each decision point. Therefore, PPE-DDQN demonstrates
strong competitiveness in solving integrated optimization problems.

6. Discussion

The preceding sections have outlined the research workflow for the optimization of SMSs, covering problem
description, model formulation, algorithm development, and results analysis. Building on this foundation, this
section discusses the potential of emerging GAI to enhance existing optimization paradigms in SMSs. It further
explores future research directions that may shape the advancement of optimization in SMSs.

LLMs (e.g., GPT-40) show potential for solving complex optimization problems through their multimodal
comprehension, logical reasoning, and algorithmic generation capabilities [53—55]. This study establishes a
framework for solving optimization problems using LLMs (Fig. 10) to discuss the practical applications of LLMs
in SMS optimization. The research process is as follows: First, the industry case constructed from the problem
description and case description in previous sections is inputted into GPT-4o0, requiring the LLM to complete the
full solution workflow, including problem construction, algorithm selection, code generation, and result
presentation. Next, the LLM is guided to iteratively refine solutions through interactive debugging mechanisms,
such as constraint supplementation and logical error correction. Finally, the output results are evaluated.
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Fig. 10. Framework for solving optimization problems using an LLM.

After the input of the industrial case, GPT-40 demonstrated its optimization capabilities in the SMS. First, the
integrated optimization problem—encompassing process planning, reconfiguration, and scheduling—underwent
systematic decomposition, with corresponding semantic constraint conditions and optimization objectives explicitly
formulated. During the algorithm selection process, through a complexity analysis comparing linear programming
with metaheuristic approaches, the genetic algorithm was ultimately adopted due to its relatively clear and concise
algorithmic structure. GPT-40 implemented a comprehensive genetic algorithm framework in Python, integrating
tournament selection operators and single-point crossover mechanisms. The direct response result of feeding the
problem into GPT-40 is shown in Fig. 11. According to GPT-40’s description, the fitness value of the initial solution
was 241 (Fig. 11(a)). The global optimal scheduling solution was achieved after 50 generations of evolution,
yielding a peak chromosome fitness value of 123 (Fig. 11(b)). However, a detailed examination of the generated
solution reveals two critical model deficiencies. When modeling the processing time, the LLM neglected the impact
of workpiece quantity on processing time, resulting in underestimated results. Features in the scheduling scheme
could not be processed by the selected machine configurations. This not only rendered the scheduled features
unmanufacturable but also failed to address the machine reconfiguration requirements specified in this problem,
resulting in the absence of reconfiguration time in the objective function.

A randomly initialized population has been successfully generated, and the fitness of the first
scheduling solution has been calculated. The structure of this scheduling solution is as follows:

« Each feature of the workpieces is assigned to different machines and configurations.

» The calculated makespan is 241 seconds.

Ecpplechedigpli: After 50 generations of genetic algorithm optimization, the final optimized scheduling solution has

et a makespan of 123 seconds. The final scheduling plan is as follows:

Workpiece 1: Feature 1 -> Machine 3, Config 1; Feature 2 -> Machine 1, B &
Workpiece 2: Feature 1 -> Machine 4, Config 2; Feature 2 -> Machine :,
Workpiece i: Feature 1 -> Machine 3, Config 1; Feature 2 -> Machine 2, . e . .
Workpiece 1: Feature | -> Machine 3, Config 1; Feature 2 -> Machine 4, Config 7; Feature I -

Workpiece 4: Feature | -> Machine 3, Config 2; Feature 2 -> Machine 7,
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Workpiece 4: Feature tachine 5, Config ; Feature 2 -> Machine 4, Config ?; Feature 3 ->
(a) Initial solution Workpiece 5: Feature Machine 4, Config 2; Feature 2 -> Machine 5, Config 1; Feature 7 ->

Workpiece ©: Feature 1 -> Machine 2, Config 2; Feature 2 -> Machine 3, Config 2; Feature J ->

(b) Final solution
Fig. 11. The result of GPT-40’s first solution: (a) Initial solution; (b) Final solution.

Based on the above deficiency analysis, interactive debugging measures were adopted to address the potential
hallucination issues in the solutions generated by the LLM. First, during the input stage, complete constraint
information was provided and carefully verified. This included the feature-configuration matching matrix,
workpiece process precedence constraints, transportation times, and machine reconfiguration times, ensuring the
accuracy of the data supplied to GPT-40. Second, multi-round interactive feedback and debugging were conducted
to correct outputs that were logically inconsistent, strengthening GPT-40’s understanding of the constraint rules.



For instance, it was explicitly specified that the actual processing time of a feature equals the product of the
workpiece quantity and the standard processing time per unit. Furthermore, the final generated code was subjected
to strict executability verification in a Python environment. This process included (D extracting and formatting
error messages along with the corresponding contextual code segments; @) providing explicit correction
requirements and prompts (e.g., please analyze the cause of the error and correct this type of issue); and 3
validating the regenerated code and establishing a closed-loop mechanism of error—feedback—correction, in which
non-executable code was iteratively revised until a runnable implementation was obtained. Finally, the outputs
generated by GPT-40 were compared with the results obtained by the proposed approach in this paper and further
validated through Gantt chart inspection. This procedure helped prevent hallucinations caused by one-shot outputs
of incorrect models or fabricated feasible solutions, thereby ensuring the feasibility and rationality of the generated
scheduling scheme.

After incorporating the above interactive debugging measures in GPT-40, the best solution obtained reached
18150. The validation results indicated that the model had corrected the logical relationship between workpiece
quantity and processing time. However, the mismatch between features and configurations still existed. To address
this issue, targeted guidance was provided by enumerating the feature—configuration mapping rules. After the
feedback, GPT-40 presented the correct textual description of feature matching but failed to output a feasible and
effective solution due to the complexity of the combinatorial optimization problem. Furthermore, analysis of the
generated executable code revealed that the problems at the code execution level exposed a critical parameter
coupling failure: The configuration switching logic lacks machine state updates, which leads to the omission of
reconfiguration time in the objective function. A comparation between the proposed PPE-DDQN and GPT-40’s
outputs is depicted in Fig. 12. The results of PPE-DDQN are presented in Figs. 12(a) and (c), while the results of
GPT-40’s outputs are provided in Figs. 12(b) and (d). In Fig. 12(b), GPT-40 generates a production scheduling
scheme that assigns each workpiece’s features to specific machine configurations.
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Fig. 12. Comparison of results between PPE-DDQN and GPT-4o. (a) Gantt chart of PPE-DDQN; (b) output of GPT-40; (c) process
route of PPE-DDQN; (d) process route of GPT-40’s outputs.



The result indicates that GPT-40 can follow the workflow of problem construction, algorithm selection, and code
generation to achieve solutions. Moreover, based on the problem scale, it appropriately selects genetic algorithms
for implementation. However, the following limitations exist in its implementation: First, although the model can
understand conventional optimization logic through case analogies, it lacks autonomous analytical capabilities for
new constraints (e.g., feature-configuration matching rules and process flexibility), requiring multiple rounds of
interactive corrections to establish correct cognition. Without explicit prompts, the model defaults to fixed process
planning (all workpieces are sequentially processed starting from Feature 1), failing to autonomously recognize the
feature sequence adjustability enabled by process flexibility. Second, while the generated code contains a basic
parameter framework (workpiece quantity, reconfiguration time, etc.), the execution components exhibit deviations.
The fitness function fails to properly incorporate reconfiguration time; the process planning remains fixed, lacking
encoding mechanisms for dynamic sequencing; and the machine state update logic stays disjointed from problem
constraints. The fundamental issue is that GPT-40 struggles to translate textual comprehension into precise
mathematical abstractions and executable code implementation. Therefore, its problem-solving capability still
requires manual intervention, particularly for complex multi-stage coupled integrated optimization problems.

Although current LLMs still struggle to achieve fully autonomous modeling and reliable execution for the
investigated problems without manual intervention and validation, the experiments also reveal their potential in
several key stages. For instance, the LLM can perform semantic parsing and structured expression of problems,
construct a solution framework according to the research process of problem construction—algorithm selection—code
generation, and preliminarily select appropriate optimization algorithms based on the problem. This indicates that
LLMs already possess potential value as auxiliary tools for manufacturing system optimization. As GAI continues
to advance in domain knowledge learning, constraint reasoning, and code generation, LLM capability in modeling
and solving complex optimization problems is expected to further improve. Future exploration will empower
researchers to acquire domain-specific solutions and code via natural language interaction with LLMs, thereby
revolutionizing the research mode of optimization for SMSs.

7. Conclusion

This study addressed the critical challenge of integrated process planning, reconfiguration, and scheduling
optimization in SMSs with RMTs through a DRL framework, in which a MINLP model was formulated to minimize
the makespan. The proposed MINLP model was solved using a tailored PPE-DDQN algorithm based on penalty
and prediction enhancement. The case study results demonstrated the proposed PPE-DDQN’s effectiveness and
superiority. PPE-DDQN can generate competitive integrated optimization solutions for process planning,
reconfiguration, and scheduling, providing rapid online responses while satisfying the process requirements,
machining capabilities, and resource constraints of SMSs. The discussion showed the potential of using an LLM to
solve the proposed optimization model, which can be further explored in future work in depth. Moreover, two
additional objectives could be included in future, such as production cost and energy consumption. Furthermore, an
attempt could be made to consider scenarios in which the same type of workpiece could be processed in batches
due to transportation capacity constraints or allocated to different RMTs for processing.
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