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Abstract 
Rail-mounted manipulator and CNC flexible manufacturing lines provide an effective approach to improving 

machining flexibility and production coordination in small-batch manufacturing. However, conventional numerical 
scheduling mainly provides dispatching sequences and machine assignments, while resource-state constraints, 
downstream completion and execution consistency are not fully represented. To address this gap, this paper pro-
poses PG-FVEV, an offline scheduling and virtual execution validation framework. First, genetic scheduling is com-
bined with Petri-net resource constraints and q/g dispatch mapping to convert scheduling decisions into resource-
constrained execution events. Second, a new full-process makespan metric is proposed to extend the completion 
criterion from CNC-stage completion to final rack entry. Finally, a hierarchical validation scheme integrates exhaus-
tive evaluation, MIoT.VC virtual execution checking and a larger offline scheduling case. The results show that PG-
FVEV provides a coherent connection between scheduling decisions and production-line execution and supports 
process-level evaluation of flexible manufacturing-line schedules.

1. Introduction 

Rail-mounted manipulator-CNC flexible manufactur-
ing lines support flexible, small-batch automated ma-
chining [1]. Their scheduling problem extends beyond 
CNC assignment because machining and downstream 
execution must be coordinated across the shared ma-
nipulator, multiple CNC resources and subsequent 
handling stages [2]. A feasible schedule must therefore 
specify the workpiece dispatching sequence, CNC as-
signment and shared-resource constraints. In this con-
text, a numerical scheduling result cannot be directly 
regarded as an executable production-line process. A 
scheduling result derived from a genetic algorithm (GA), 
X=(seq,assign), provides the dispatching sequence and 
CNC assignment, but it still needs resource-state se-
mantics for occupation, release and workstation con-
nection [3]. CNC-stage completion also cannot fully 
represent whole-line completion, because post-ma-
chining handling, inspection, transfer and output oper-
ations affect the final completion state [4]. In addition, a 
finite searchable case is needed to check result validity, 
whereas a larger problem case is needed to evaluate 
offline search performance and cross-run variability. 
GA methods provide a basis for combinatorial search 
under multiple resource constraints [5]. Petri nets sup-
ply the state-transition and mutual-exclusion semantics 
required at the execution layer. Offline virtual validation 
can be used to observe workpiece-flow and action-con-
nection consistency [6]. The remaining transformation 
problem is therefore how a GA-derived schedule can 
be converted into a resource-state-constrained event 
sequence that supports coherent offline validation 
across the virtual production line. 

To address this problem, this paper proposes PG-
FVEV for a rail-mounted manipulator-CNC flexible 
manufacturing line. The main contributions of this paper 
are threefold. First, PG-FVEV develops a schedule-to-
execution transformation mechanism that maps the 
GA-derived scheduling decision X=(seq,assign) into re-
source-state-constrained execution events through Pe-
tri-net resource constraints and q/g dispatch mapping. 
This mechanism addresses the lack of a clear transfor-
mation path between numerical scheduling results and 
virtual production-line execution logic. Second, this pa-
per proposes the full-process makespan Cmax

full as a new 
evaluation metric for final schedule evaluation and se-
lection, while retaining Cmax

CNC as a CNC-stage reference. 
By extending the completion criterion from the CNC 
stage to final rack entry, Cmax

full reflects the final comple-
tion state of the entire production line and provides a 
more appropriate basis for final schedule selection. 
Third, to improve experimental scalability and result 
verifiability, this paper adopts a hierarchical experi-
mental scheme. Case 1 provides an exhaustively enu-
merable reference and supports MIoT.VC offline virtual 
execution validation, whereas Case 2 evaluates offline 
search performance and variability at an expanded 
problem scale. The purpose of this design is to distin-
guish finite-case result verification from expanded-
scale search evaluation. 

2. Related work 

2.1 Multi-resource manufacturing schedul-

ing 

Scheduling in a rail-mounted manipulator-CNC flex-
ible manufacturing line involves job dispatching, CNC 
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assignment and shared downstream resources [7]. Its 
feasibility depends on coordinated machining and 
downstream execution rather than pure machine se-
quencing [8]. Flexible job-shop scheduling provides the 
basis for joint job sequencing and machine selection 
[9,10].  

Recent studies extend production scheduling from 
machining to logistics and auxiliary-resource coordina-
tion [11]. Liang et al. [1] integrated shared AGVs with 
production- and storage-capacity constraints, demon-
strating cross-resource coordination. Han et al. [12] 
coupled machining and transport through machine se-
lection, operation sequencing and vehicle assignment. 
Liu et al. [3] incorporated machines, fixtures and pallets 
into flexible job-shop scheduling, showing that engi-
neering schedules involve multiple discrete resource 
types. Loading and unloading have likewise been mod-
elled as dual-resource constraints [13]. Yang et al. [14] 
combined machining, AGV transport and assembly in a 
three-stage flexible job shop, showing that downstream 
operations affect overall completion time. 

Together, these studies show that multi-resource 
scheduling increasingly coordinates machining with 
downstream operations. However, models centred on 
transport vehicles or auxiliary resources do not fully 
represent exclusive use of a shared rail-mounted ma-
nipulator during machining and transfer. This paper 
therefore models workpiece dispatching and CNC as-
signment, then checks resource mutual exclusion and 
workstation connections at the execution level. 

2.2 Genetic-algorithm scheduling 

Genetic algorithms are commonly used in produc-
tion scheduling to search combinatorial spaces involv-
ing job sequences and resource assignments [15]. In 
the PG-FVEV framework, the genetic algorithm under-
takes the scheduling-search function, and its output is 
the scheduling decision structure X=(seq,assign). The 
two components carry the dispatch-order and CNC-
assignment information required by later resource map-
ping. This decision provides the scheduling input for 
later constraint mapping and validation. Dual-resource 
batch-scheduling studies have also used double coding 
with handling-resource decoding [16]. 

GA scheduling studies increasingly include multi-ob-
jective evaluation, hybrid search and resource-con-
strained encoding [17]. Burmeister et al. [18] combined 
memetic NSGA-II and local search for makespan and 
energy-cost objectives. Meng et al. [5] used an im-
proved GA with population-diversity checking for a flex-
ible job shop with finite AGVs. Fan et al. [19] adjusted 
chromosome and neighbourhood-search designs for 
reconfigurable machine tools with limited auxiliary mod-
ules. Park et al. [20] used feasibility-independent en-
coding and three-phase decoding to maintain feasibility 

under complex constraints. 
This line of work indicates that GA-based scheduling 

is suitable for search spaces governed by job se-
quences, resource assignments and engineering con-
straints [21]. However, existing GA scheduling studies 
often emphasize machining-stage metrics, energy con-
sumption or resource utilisation, while downstream ex-
ecution factors remain insufficiently considered. The 
GA-derived scheduling decision therefore requires ex-
ecution-layer resource mapping so that shared-re-
source conditions can be considered before virtual val-
idation. The decision X=(seq,assign) is used here as the 
input to that mapping, which links the numerical sched-
ule to its event-level execution representation. 

2.3 Petri-net resource modelling 

A rail-mounted manipulator-CNC flexible manufac-
turing line has discrete-event characteristics: job, ma-
nipulator, CNC and inspection-station states change as 
events occur. Petri nets describe such systems through 
places, transitions and token flows. Murata [22] sum-
marised core Petri-net properties and their use in 
reachability and system-behaviour analysis. In flexible 
manufacturing-system applications, Petri nets also con-
nect process modelling and scheduling [23]. Xu et al. 
[24] used P-timed Petri nets for temporal constraints 
and scheduling search. Yamalidou et al. [25] con-
structed place-invariant-based Petri-net feedback con-
trol, supporting token representation under finite-re-
source constraints. For resource conflicts and deadlock 
problems in flexible manufacturing systems, Petri nets 
have also been widely used for liveness analysis and 
deadlock prevention [26]. Ezpeleta et al. proposed a 
Petri-net-based deadlock-prevention strategy for flexi-
ble manufacturing systems and used control places to 
restrict entry into states that may lead to deadlock [27]. 
Gu et al. [28] used a basis reachability graph to verify 
and enforce the liveness and deadlock-freeness of 
bounded Petri nets, showing that Petri nets can provide 
structured reachability-analysis tools for resource-con-
strained systems. Lu et al. [29] developed an iterative 
deadlock-prevention method for flexible manufacturing 
systems based on resource-requirement graphs, show-
ing that resource-competition relationships can be su-
pervised through formal structures. Beyond resource-
conflict and deadlock control, timed coloured Petri-net 
simulation has also been used to represent production-
logistics coordination [30]. 

These studies show that Petri nets provide formal 
tools for resource-state representation, reachability 
analysis and deadlock control in flexible manufacturing 
systems. However, they mainly address model analysis 
or supervisory control and do not clarify how a GA-
derived scheduling decision can be converted into re-
source-constrained execution events. To address this 
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gap, PG-FVEV uses the Petri net only as a resource-
state and event-enabling constraint layer. The GA re-
mains responsible for schedule search, while q/g dis-
patch mapping converts X=(seq,assign) into an ordered 
execution sequence for subsequent MIoT.VC offline 
virtual execution validation. 

2.4 Simulation and virtual validation 

Virtual environments have been used to examine 
manufacturing processes beyond numerical evaluation 
alone. Barbieri et al. [31] developed a virtual commis-
sioning methodology that integrates digital representa-
tions into manufacturing systems. For production 
scheduling, Ghasemi et al. [32] reviewed simulation op-
timisation studies and showed that process models can 
provide a more complete environment for evaluating 
candidate schedules. These studies indicate that a 
scheduling result should be examined not only through 
its objective value but also through the production pro-
cess represented in the virtual model. 

Virtual commissioning emphasizes equipment be-
haviour and control consistency. Striffler and Voigt [6] 
showed that it can reveal control and coordination er-
rors before implementation, while Raza et al. [33] ex-
tended the concept from machines to production-line 
and factory levels. Wooley et al. [34] distinguished dis-
crete-event simulation from digital twins by their syn-
chronization and updating mechanisms. Negri et al. [35] 
examined field-synchronized digital-twin scheduling 
based on continuous physical-virtual interaction, unlike 
the deterministic offline validation considered here. 

Simulator-GA systems have evaluated flexible rout-
ing in FMSs [36], while simulation optimisation evalu-
ates candidate schedules in process models [37]. 
These approaches support schedule evaluation and 
equipment-behaviour checking, but often address pre-
defined control logic or individual stages rather than 
consistency across the complete production flow. Here, 
MIoT.VC reproduces workpiece flow from dispatching 
to final rack entry in an offline virtual line. It then checks 
the recorded execution against the selected dispatch-
ing order, CNC routing and workstation transitions un-
der deterministic conditions, providing full-process vir-
tual execution evidence beyond numerical scheduling 
results. 

3. Methodology 

Section 3 presents the PG-FVEV methodology, 
which integrates offline GA scheduling, Petri net re-
source constraints, q/g dispatch mapping and MIoT.VC 
virtual execution validation. Sections 3.1-3.2 define the 
framework and scheduling object. Sections 3.3-3.5 
then establish the resource constraints, GA search and 
q/g dispatch mapping. Section 3.6 completes the meth-
odological chain through MIoT.VC offline virtual execu-
tion validation. 

3.1 Overall PG-FVEV framework 

To address the problem that GA-derived scheduling 
decisions cannot directly specify resource-constrained 
execution events, this paper proposes the PG-FVEV 
framework, as shown in Fig. 1.

 
Fig. 1. Overall structure of the PG-FVEV framework.

The PG-FVEV procedure begins with deterministic 
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offline inputs that define the scheduling objects, pro-
cessing times and execution-resource scope of the 
studied line. Based on these inputs, the GA searches 
the scheduling decision X=(seq,assign) and selects 
Xbest=(seqbest,assignbest), which specifies the workpiece dis-
patching sequence and CNC assignments but does not 
directly describe equipment actions. The Petri-net layer 
therefore supplements the selected schedule with the 
resource occupation, release, mutual-exclusion and 
event-enabling conditions required during execution. 
Under these conditions, q/g dispatch mapping associ-
ates the workpiece at each dispatch position with its as-
signed CNC machine and forms an ordered resource-
constrained dispatch sequence. MIoT.VC then exam-
ines the mapped sequence, rather than the raw GA out-
put, to determine whether coherent workpiece flow and 
workstation connections can be maintained through fi-
nal rack entry in the deterministic offline virtual environ-
ment. Within this framework, the selected Case 1-b 
schedule is used for offline virtual execution validation, 
whereas Case 2 is used only to evaluate offline search 
performance and cross-run variability at an expanded 
problem scale. 

3.2 Scheduling problem overview 

The scheduling problem is defined using two cases 
with different evaluation roles. Case 1 contains five jobs 
and provides an exhaustively enumerable reference, 
while the selected Case 1-b schedule is further used for 
MIoT.VC offline virtual execution validation. Case 2 
contains 30 jobs and is used only to examine offline GA 
search performance and variation across independent 
runs. The job set is denoted as J={J1,J2,...,Jn}, where n=5 
corresponds to the five-workpiece exhaustive reference 
case and n=30 to the 30-workpiece offline search case. 
The CNC machining-resource set is M={M1,M2,M3}. The 
processing time of job Ji on CNC machine Mm is denoted 
as pi,m, and all pi,m values form the deterministic pro-
cessing-time matrix used for schedule evaluation. On 
this basis, the execution-resource set is Rexec={Robot,In-
spection,DropBuffer,Lift,Rack}, corresponding to the 
rail-mounted manipulator, inspection station, drop-
buffer conveyor, lift platform and multi-layer storage 
rack. Each job follows the fixed process route defined 
by the virtual layout used for MIoT.VC validation. This 
route is constrained by process sequence, single-re-
source manipulator occupation, mutually exclusive 
CNC capacity and exclusive inspection-station use. 
These constraints enforce one-way workpiece flow and 
exclusive use of constrained resources. With the 
scheduling object and resource scope defined, the 
scheduling decision is defined as X=(seq,assign), where 
seq=(seq1,seq2,...,seqn) denotes the job dispatching se-
quence and seqk denotes the job entering the kth dis-
patching position. The mapping assign:J→M denotes 

the assignment relation from jobs to CNC machines, 
and assign(Ji)=Mm means that job Ji is assigned to CNC 
machine Mm for machining. The seq layer determines 
dispatching order, and the assign layer determines the 
machining resource selected for each job. These two 
layers form the GA search object and provide the 
scheduling and resource basis for subsequent Petri-net 
q/g dispatch mapping. 

For the selected scheduling solution, the relationship 
between the scheduling decision and the kth dispatch-
ing position is defined as follows. 

 Xbest=(seqbest,assignbest) (1) 

 jk=(seqbest)k (2) 

 mk=assignbest(jk) (3) 

In Eqs. (1)-(3), Xbest denotes the selected scheduling 
decision, jk is the job at the kth dispatching position, and 
mk is the CNC machine assigned to jk. These definitions 
provide the scheduling input for the q/g dispatch map-
ping in Section 3.5. 

3.3 Petri-net constraint model 

Based on the production-line objects, execution re-
sources and process route defined in Section 3.2, this 
study establishes a Petri-net constraint model to de-
scribe process and resource-state constraints. The sys-
tem model is denoted as PN=(P,T,F,W,M0) [22], where 
P is the set of places, T is the set of transitions, F is the 
set of directed arcs, W is the arc-weight function and M0 
is the initial marking.  

To distinguish modelling functions, P is divided into 
Pjob, Pres and Pctrl. Pjob describes the predefined workpiece-
state evolution, Pres represents idle and occupied states 
of finite resources, and Pctrl receives the GA-derived dis-
patching order and CNC assignment relation for subse-
quent q/g dispatch mapping. The Petri net does not re-
search the schedule. Instead, it constrains the selected 
scheduling decision into an event sequence satisfying 
process-state and resource-state conditions. 

The transition set T represents the principal handling, 
machining, inspection and output events. A transition 
can fire only when the required workpiece-state and re-
source-state input places contain tokens. Firing trans-
fers the corresponding tokens to the output places and 
updates the workpiece and resource states. For each 
shared finite resource, the idle and busy places form a 
token-conservation relation. Specifically, Mark(Robot-
idle)+Mark(Robotbusy)=1, Mark(CNCm,idle)+Mark(CNCm,busy)=1 
for each CNC machine m, and Mark(Inspidle)+Mark(In-
spbusy)=1. Because each resource-state subnet is initial-
ized with one token and the associated transitions only 
transfer this token between the idle and busy places, 
these relations are preserved during firing. The corre-
sponding resource-state subnets are therefore 1-
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bounded, which prevents simultaneous multiple occu-
pation of the same manipulator, CNC machine or in-
spection station. This structural property characterizes 

the bounded mutual-exclusion behavior of the finite-re-
source subnets used in the scheduling model.

 

Fig. 2(a). Core process Petri net of the rail-mounted manipulator-CNC flexible manufacturing line. 

 
Fig. 2(b). Resource mutual-exclusion subnet for the manipulator, CNC machines and inspection station. 

 
Fig. 2(c). q/g dispatch-control layer instantiated by the genetic-algorithm scheduling result.

The Petri-net model in Fig. 2 integrates the coordi-
nation required for the selected schedule. The process-
flow subnet defines the prescribed evolution of each 
workpiece through machining and downstream opera-
tions. On this basis, the resource subnet embeds the 
idle and occupied states of the manipulator, CNC ma-
chines and inspection station into the relevant transi-
tions, preventing an operation from proceeding when its 
required resource is unavailable. The q/g dispatch-con-

trol layer then connects the selected dispatching se-
quence and CNC assignments to these enabling con-
ditions without performing an additional scheduling 
search. Together, the three submodels constrain the 
selected GA decision into an ordered dispatch process 
that satisfies both workpiece-state and resource-state 
requirements. The simplified structure is presented in 
Fig. 2(a)-(c), while the complete engineering model is 
provided in Supplementary Fig. S1. The Petri-net layer 



6 

is therefore used here for resource-state constraint rep-
resentation and event enabling rather than as a formal 
deadlock-prevention or liveness-verification mecha-
nism. 

3.4 Genetic algorithm scheduling design 

After the scheduling object and resource rules have 

been defined, the GA searches for the scheduling deci-
sion X=(seq,assign), where seq gives the workpiece dis-
patching order and assign(Ji)∈M gives the CNC machine 
assigned to workpiece Ji. Algorithm 1 presents the pop-
ulation initialization, evaluation, genetic operations and 
best-solution update used in the offline search.

Algorithm 1. Offline GA search for the scheduling decision X=(seq,assign) 

1: Set the population size Np, generation limit G, crossover probability pc, mutation probability pm, elite size 
Ne and tournament size Nt 

2: if v=GA v1 then 

3: Set the objective to minimize Cmax
CNC 

4: Fix seq as the prescribed sequence seq0 

5: Initialize Np assignment components and combine each assignment with seq0 

6: else 

7: if v=GA v2 then 

8: Set the objective to minimize Cmax
CNC 

9: else 

10: Set the objective to minimize Cmax
full 

11: end if 

12: Initialize Np individuals with random workpiece permutations and random CNC assignments 

13: end if 

14: Evaluate the initial population using the selected objective 

15: Set Xbest as the individual with the lowest objective value 

16: for generation g=1 to G do 

17: Rank the current population according to the objective values 

18: Copy the best Ne individuals to NewPop 

19: while the size of NewPop is smaller than Np do 

20: Select two parents by tournament selection with size Nt 

21: if v=GA v1 then 

22: Apply one-point crossover to the assignment components with probability pc 

23: Mutate the CNC assignments with probability pm 

24: Keep the sequence component unchanged 

25: else 

26: Apply order crossover to the sequence components with probability pc 

27: Apply uniform crossover to the assignment components with probability pc 

28: Apply swap mutation to the sequence components with probability pm 

29: Apply random CNC reassignment to the assignment components with probability pm 

30: end if 

31: Add the offspring to NewPop 

32: end while 

33: Evaluate NewPop using the selected objective 

34: Update Xbest if NewPop contains an individual with a lower objective value 

35: Replace the current population with NewPop 

36: end for 

37: return Xbest 

GA v1, GA v2 and GA v3 use the same population search structure but differ in their decision variables 
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and evaluation objectives. GA v1 keeps seq fixed and 
changes only assign. GA v2 searches both seq and as-
sign using Cmax

CNC, whereas GA v3 uses the same two-
part decision structure with Cmax

full. The resulting Xbest re-
mains a scheduling decision rather than an equipment 
action program. It is subsequently converted into the 
q/g dispatch sequence described in Section 3.5. 

3.5 q/g dispatch mapping of GA decisions 

To support subsequent offline virtual execution vali-
dation, the selected scheduling decision must first be 

represented at the event level. Although Xbest specifies 
the workpiece dispatching order and CNC assignments, 
it does not directly define the control sequence required 
for execution. The q/g mapping therefore converts Xbest 
into an ordered dispatch-control chain under the re-
source-state conditions defined above, as shown in Fig. 
3.

 
Fig. 3. Mapping from the GA scheduling result to q/g dispatch events.

As represented in Fig. 3, the q/g dispatch-control 
layer provides the event-level form of the selected 
scheduling decision Xbest=(seqbest,assignbest). The sequence 
seqbest determines the order of dispatch positions, 
whereas assignbest identifies the CNC machine assigned 
to each workpiece. For position k, Eqs. (2) and (3) give 
the corresponding workpiece jk and machine mk. The 
control place qk records the current position in the dis-
patch sequence, and transition gk represents the dis-
patch event that advances the control token to the next 
position. The resulting q/g chain therefore expresses 
the scheduling decision as an ordered event structure 
rather than as a list of numerical variables. 

However, the event order does not by itself guaran-
tee that a dispatch can occur. Transition gk is enabled 
only when the control token is located in qk, workpiece 
jk is ready, the rail-mounted manipulator is idle, and 
CNC machine mk is available. Once these conditions 
are satisfied, firing gk transfers the token to qk+1 and up-
dates the dispatch and resource-occupation states. In 
this way, the q/g chain retains the order selected by the 
GA, while the Petri-net conditions determine whether 

each event can be executed without violating the rep-
resented resource constraints. 

Case 1-b illustrates how this event structure is 
formed for a specific scheduling result. The selected 
sequence is seqbest=[1,5,2,4,3], and the corresponding 
CNC assignments are Part1-CNC2, Part5-CNC1, 
Part2-CNC3, Part4-CNC2 and Part3-CNC1. These re-
lations produce the control chain 
q1→g1→q2→g2→q3→g3→q4→g4→q5→g5→q6. Because 
each transition is checked against the same enabling 
logic, arrival of the token at q6 indicates that the five dis-
patch events have been completed in the specified or-
der under the represented resource conditions. This re-
source-constrained event sequence, rather than the 
original GA decision alone, is then used as the input to 
the MIoT.VC offline virtual execution validation de-
scribed in Section 3.6. 

3.6 MIoT.VC-based virtual execution valida-

tion 

To complete the methodological link between sched-
uling optimization and virtual execution validation, the 
mapped schedule must be examined within a unified 
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production-line environment. The objective value and 
q/g event sequence describe the intended scheduling 
result and its resource-constrained dispatch logic, but 
they do not directly show whether the corresponding 
workpiece flow, CNC routing, resource occupation and 
station handovers can be reproduced coherently 
throughout the virtual process. This additional check is 

important because it provides process-level evidence 
that complements the numerical scheduling result and 
the event-level mapping. Accordingly, the mapped 
Case 1-b event sequence is introduced into the 
MIoT.VC environment for offline execution-consistency 
validation, as shown in Fig. 4.

 

Fig. 4. Virtual layout of the rail-mounted manipulator-CNC flexible manufacturing line.

Fig. 4 provides a unified virtual production-line envi-
ronment in which the mapped Case 1-b event se-
quence can be compared with the corresponding exe-
cution process. The loading stage, rail-mounted manip-
ulator, CNC machines, inspection station, drop buffer, 
lift and final rack are represented as virtual objects cor-
responding to the scheduling entities and Petri-net re-
source states defined above. On this basis, the valida-
tion follows each workpiece from its release and CNC 
assignment through downstream transfer to final rack 
entry. It examines whether the dispatching order and 
CNC routing specified by Xbest are preserved throughout 
the process and whether the observed state transitions 
remain consistent with the represented resource condi-
tions. Key frames capture the visible changes in work-
piece position and workstation state, while execution 
logs provide ordered records of routing and completion. 
This combination of visual and recorded evidence con-
nects the numerical scheduling result with its virtual ex-
ecution process and therefore adds process-level sup-
port that cannot be obtained from the objective value 
alone. The conclusion is limited to execution con-
sistency in the deterministic Case 1-b virtual environ-
ment and does not constitute physical-equipment veri-
fication or online control validation. 

4. Experiments and results 

4.1 Experimental setup and evaluation met-

rics 

To further evaluate the PG-FVEV framework, a hier-
archical experimental design is adopted. The experi-
mental cases and evaluation metrics are shown in Ta-
ble 1. 

Table 1. Experimental cases and evaluation metrics 

Experimental 

case Job scale Metric 

Case 1-a 5  Cmax
CNC 

Case 1-b 5  Cmax
full 

Case 2 30  Cmax
CNC/Cmax

full 
 

Case 1 contains five workpieces and three CNC ma-
chines and provides an exhaustively enumerable refer-
ence. Case 1-a uses Cmax

CNC to establish the minimum 
CNC-stage completion time, while Case 1-b uses Cmax

full 
to establish the minimum full-process completion time. 
The selected Case 1-b scheduling result is subse-
quently used for MIoT.VC virtual production-line execu-
tion validation. 

Case 2 increases the number of workpieces to 30 
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while retaining three CNC machines. The correspond-
ing joint search space is approximately 
30!×330≈5.46×1046, which substantially increases the 
scheduling-search difficulty. Case 2 is used to examine 

offline search performance and variation across inde-
pendent runs in the 30-workpiece problem. In addition 
to the two GA objective settings, a deterministic rule-
based scheduler is included as an independent sched-
uling reference.

Table 2. GA parameter settings 

Case/ 

GA Variable Metric Population 

size Generations Crossover 

probability 
Mutation 

probability 
Random 

seed 

C1-GA  
v1 assign Cmax

CNC 60 80 0.80 0.15 fixed 
seed 42 

C1-GA  
v2 seq+assign Cmax

CNC 80 120 0.85 0.20 0-29 

C1-GA  
v3 seq+assign Cmax

full 80 120 0.85 0.20 0-29 

C2-GA  
v2 seq+assign Cmax

CNC 160 3000 0.85 0.20 0-29 

C2-GA  
v3 seq+assign Cmax

full 160 3000 0.85 0.20 0-29 

As shown in Table 2, the GA parameters are config-
ured according to the different roles of Case 1 and Case 
2. In Case 1, GA v2 and GA v3 use the same population 
size of 80, 120 generations, a crossover probability of 
0.85 and a mutation probability of 0.20. This common 
setting supports the comparison between the CNC-
stage objective and the full-process objective in the 
five-workpiece case. GA v1 uses a smaller population 
and generation setting because its dispatching se-
quence is fixed and only the CNC assignment is 
searched. A fixed seed of 42 is used for GA v1, while 
seeds 0 to 29 are used for the 30 independent runs of 
GA v2 and GA v3. 

When the number of workpieces increases to 30 in 
Case 2, the population size is increased to 160 and the 
search length is extended to 3000 generations. GA v2 
and GA v3 use the same crossover probability of 0.85, 
mutation probability of 0.20, tournament selection with 
a tournament size of 3, and two elite individuals. The 
two searches also use the same seeds from 0 to 29, 
chromosome representation, genetic operators, pro-
cessing-time matrix and deterministic execution-time 
parameters. Under this common configuration, GA v2 
evaluates candidate schedules using Cmax

CNC, whereas 
GA v3 uses Cmax

full. The resulting comparison therefore 
provides a direct assessment of how the two comple-
tion criteria influence the scheduling results under the 
same GA search conditions. 

4.2 Scheduling strategies 

The scheduling strategies use the decision variables 
defined in Section 3.2. GA v1 retains the fixed se-
quence [1,2,3,4,5] and searches only the CNC assign-
ment under Cmax

CNC. GA v2 and GA v3 both search the 
dispatching sequence and CNC assignment, but use 

different primary evaluation criteria. GA v2 minimises 
Cmax

CNC, while GA v3 minimises Cmax
full. The corresponding 

strategy settings are summarised in Table 3. 

Table 3. Scheduling strategy settings 

Strategy seq assign Cmax
CNC Cmax

full 

GA v1  ✓ ✓  

GA v2 ✓ ✓ ✓  

GA v3 ✓ ✓  ✓ 

Rule v2  ✓ ✓  
 

For Case 2, Rule v2 is additionally introduced as a 
deterministic scheduling reference. It processes work-
pieces in the prescribed input order and selects the 
available CNC machine with the minimum predicted 
completion time according to the existing resource con-
ditions. If all candidate CNC machines are occupied, 
the next decision proceeds after the earliest resource 
release. These strategies provide references for exam-
ining how the scheduling decision structure and com-
pletion criterion affect the resulting schedules. 

4.3 Case 1 results 

4.3.1 Scheduling-result analysis 

The deterministic result of GA v1 and the 30-run sta-
tistical results of GA v2 and GA v3 under the CNC-
stage and full-process metrics are shown in Table 4. 
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Table 4. Statistical scheduling results for Case 1 

Strategy Result type Cmax
CNC/s Cmax

full/s 

GA v1 Determinis-
tic 171.70 224.90 

GA v2 Best 162.20 199.60 

GA v2 Mean 162.43 210.66 

GA v2 Worst 163.50 222.00 

GA v2 Std 0.47 10.03 

GA v3 Best 163.50 199.30 

GA v3 Mean 163.18 199.59 

GA v3 Worst 164.20 201.10 

GA v3 Std 0.81 0.39 
 

Among these results, GA v1 establishes the fixed-
sequence reference, with Cmax

CNC=171.70 s and 

Cmax
full=224.90 s. By jointly optimising the dispatching se-

quence and CNC assignment, GA v2 reduces Cmax
CNC to 

162.20 s and reaches the exhaustive CNC-stage mini-
mum, confirming its effectiveness for machining-stage 
optimisation. Under the full-process objective, GA v3 
reaches Cmax

full=199.30 s, which is the exhaustive mini-
mum verified in Fig. 5(b). Its mean and worst values are 
199.59 s and 201.10 s, respectively, so the worst result 
remains only 1.80 s above the optimum. The corre-
sponding standard deviation of 0.39 s is also substan-
tially lower than the 10.03 s obtained by GA v2 under 
the same full-process metric. These results indicate 
that GA v3 remains close to the full-process optimum 
even in its least favourable run and exhibits substan-
tially lower run-to-run variability and more stable re-
peated-run performance. Cmax

CNC identifies the machin-
ing-stage optimum, whereas Cmax

full provides the whole-
line criterion for final schedule selection.

 

Fig. 5. Exhaustive distributions of Case 1 under the CNC-stage and full-process makespan metrics, with the corre-

sponding minimum values highlighted.

The exhaustive distributions and best scheduling re-
sults under the CNC-stage and full-process objectives 
for Case 1-a and Case 1-b, respectively, are shown in 
Fig. 5. In Case 1-a, exhaustive enumeration of all 
29,160 feasible schedules gives a minimum Cmax

CNC of 
162.20 s. GA v2 reaches the same value, whereas the 
fixed-sequence GA v1 baseline gives 171.70 s. This 
agreement with the exhaustive minimum confirms that 
joint optimisation of the dispatching sequence and CNC 
assignment recovers the CNC-stage optimum in the fi-
nite five-workpiece space.  

In Case 1-b, the evaluation scope is extended to 
post-machining handling, inspection and final rack en-
try. The exhaustive minimum of Cmax

full is 199.30 s. GA v3 
reaches this value, while GA v1 gives 224.90 s. The 
comparison with GA v1 demonstrates the improvement 
over the fixed-sequence baseline, whereas the agree-
ment with the exhaustive minimum confirms that the 

GA v3 result reaches the full-process optimum. The two 
subfigures therefore establish clear objective-specific 
references: GA v2 achieves the CNC-stage optimum, 
while GA v3 achieves the full-process optimum used for 
final schedule selection. 
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Fig. 6. Convergence process of GA v3 under the full-pro-

cess objective in Case 1-b. 

The convergence process of GA v3 under Cmax
full is 

presented in Fig. 6. The curve decreases rapidly in the 
early generations and then gradually approaches the 
minimum full-process value of 199.30 s in the five-work-
piece exhaustive distribution, indicating that the full-
process objective can guide the search toward the low-
value region of Cmax

full within a limited number of genera-
tions. The mean curve and the range between the min-
imum and maximum values show the variation among 
the reported 30 independent runs. The best GA v3 tra-
jectory fully converged to the exhaustive full-process 
minimum of 199.30 s, while the small dispersion across 
30 independent runs indicates stable and concentrated 
repeated-run performance.

 

Fig. 7. Best-run comparison among GA v1, GA v2 and GA v3 under the full-process metric in Case 1.

The full-process makespan comparison is presented 
in Fig. 7. The main view compares the best results ob-
tained by GA v1, GA v2 and GA v3, while the enlarged 
region provides a clearer view of the two closely spaced 
joint-search results. Under Cmax

full, the fixed-sequence 
GA v1 baseline gives 224.90 s. When both the dis-
patching sequence and CNC assignment are included 
in the search, the best full-process makespan is re-
duced to 199.60 s by GA v2 and 199.30 s by GA v3. 
The enlarged view highlights the 0.30 s difference be-
tween these two results and confirms that GA v3 
reaches the exhaustive minimum of 199.30 s estab-
lished for Case 1-b. This best-run comparison should 
be interpreted together with the 30-run statistics in Ta-
ble 4.  

Across the 30 independent runs, GA v3 gives a 
mean value of 199.59 s, a worst-run value of 201.10 s 
and a standard deviation of 0.39 s, compared with 
210.66 s, 222.00 s and 10.03 s for GA v2. The lower 
mean indicates better average full-process perfor-
mance, while the lower worst-run value shows that the 
GA v3 results remain close to the optimum even in the 
least favourable reported run. Its smaller standard de-
viation further demonstrates that the obtained results 
are tightly concentrated across independent runs. 
Combined with the exhaustive optimum of 199.30 s, 
these results confirm that GA v3 achieves both optimal 
full-process completion and reliable repeated-run per-
formance, supporting its use to generate the final 
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schedule for MIoT.VC offline virtual execution valida-
tion. 

4.3.2 MIoT.VC virtual production-line execu-

tion validation 

Before the selected scheduling result is used for vir-
tual execution checking, it is necessary to determine 
whether its mapped dispatching order and CNC assign-
ments are reproduced consistently throughout the vir-
tual production-line process. The selected Case 1-b GA 
v3 schedule was therefore examined in MIoT.VC under 

the deterministic production-line configuration. Three 
consistency criteria were used: preservation of the pre-
scribed dispatching order, agreement between the 
scheduled and recorded CNC assignments, and com-
pletion of all five workpieces through final rack entry. 
The prescribed sequence was seqbest=[1,5,2,4,3], with 
Part1, Part5, Part2, Part4 and Part3 assigned to CNC2, 
CNC1, CNC3, CNC2 and CNC1, respectively. The rec-
orded execution was compared with these mapped re-
lations using the MIoT.VC logs and the key frames 
shown in Fig. 8.

 
Fig. 8. Key frames of MIoT.VC virtual production-line execution validation.

The recorded virtual progression covers pickup, 
CNC loading and unloading, inspection transfer, lift-
conveyor receiving and final rack storage (Fig. 8(a)-(f)). 
It preserves the dispatch order Part1-Part5-Part2-
Part4-Part3 and CNC assignments CNC2-CNC1-
CNC3-CNC2-CNC1, with all five workpieces reaching 
final rack entry. Dispatch-order consistency, CNC-
routing consistency and terminal-completion con-
sistency are therefore each 5/5 (100%). The selected 
schedule and its q/g-based event mapping are thus re-
produced throughout the recorded virtual process. This 
offline check tests whether a numerical schedule re-
mains coherent after translation into resource-con-
strained actions and can reveal discrepancies in dis-
patch order, CNC routing or workstation handover be-

fore engineering evaluation. The results provide trace-
able, case-level virtual execution evidence for the se-
lected schedule under the deterministic production-line 
configuration. 

4.4 Case 2: offline search evaluation with 

30 workpieces 

Case 1 provides an exhaustive five-workpiece refer-
ence, whereas Case 2 evaluates offline search perfor-
mance as the problem expands to 30 workpieces and 
three CNC machines. The joint search space is approx-
imately 30!×330. Case 2 compares the two GA objec-
tives under a common configuration across 30 matched 
independent runs, with Rule v2 as a deterministic refer-
ence. The analysis focuses on full-process results, 
cross-run variation and search characteristics.

Table 5. Full-process results for Case 2 under matched GA settings 
Method Objective Runs Best Cmax

full/s Mean Median Worst Std. Mean runtime/s 
Rule v2 Rule based 1 1104.60 / / / / 0.0011 
GA v2 Cmax

CNC 30 1036.60 1119.31 1121.70 1187.40 35.44 78.73 
GA v3 Cmax

full 30 1053.70 1091.49 1090.15 1148.90 22.21 411.80 
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Table 5 shows clear differences between the two 
scheduling objectives in the 30-workpiece case. GA v2 
records the lowest individual Cmax

full value of 1036.60 s, 
while GA v3 achieves a best value of 1053.70 s. Across 
the 30 matched runs, GA v3 obtains a mean Cmax

full of 
1091.49 s, compared with 1119.31 s for GA v2, and re-
duces the median from 1121.70 s to 1090.15 s. Its 
worst-run value decreases from 1187.40 s to 1148.90 
s, while the standard deviation decreases from 35.44 s 
to 22.21 s. These results indicate that the full-process 
objective improves the typical completion-time perfor-
mance and produces a more concentrated distribution 
across repeated runs. The reduction in both the central 
tendency and run-to-run variation supports the use of 
Cmax

full for evaluating schedules when downstream oper-
ations through final rack entry are included in the com-
pletion criterion. 

The paired results further support this pattern. With 
identical seeds used for the two GA searches, GA v3 
obtains a lower Cmax

full in 25 of the 30 paired runs. The 
mean paired difference is 27.82 s and the median dif-
ference is 29.10 s in favour of the full-process objective. 
The two-sided Wilcoxon signed-rank test gives 
p=0.0002, together with a matched-pairs rank-biserial 
value of 0.7462, showing a consistent shift toward 
lower full-process completion times across the matched 
runs. Rule v2 gives Cmax

full=1104.60 s, while the GA v3 
mean and median values are 1091.49 s and 1090.15 s, 
respectively. The comparison with the deterministic rule 
reference provides additional evidence that full-pro-
cess-oriented GA search can improve the overall com-
pletion performance of the 30-workpiece scheduling 
case. 

The two objective functions also differ in computa-
tional cost. Under the same population size and gener-
ation setting, the mean runtime is 78.73 s for GA v2 and 
411.80 s for GA v3. The additional computation re-
quired by GA v3 results from the full-process evaluation, 
which includes both CNC machining and the down-
stream execution stages used to calculate Cmax

full. The 
measured runtimes provide a quantitative reference for 
the computational effort required when full-process in-
formation is incorporated into offline schedule evalua-
tion. 

 
Fig. 9. Search progression of GA v3 under the full-process 

objective in Case 2. 

The search progression of GA v3 under Cmax
full is 

shown in Fig. 9. The mean best value decreases from 
1096.80 s at generation 2500 to 1092.77 s at genera-
tion 2800 and reaches 1091.49 s at generation 3000. 
The improvement becomes progressively smaller in the 
later generations, indicating that the population has en-
tered a relatively stable solution region. Four of the 30 
runs still obtain further improvement during the final 100 
generations, and 14 runs show additional refinement 
over the final 500 generations. These results show that 
the 3000-generation setting provides sufficient search 
depth for the population to reach a stable late-stage re-
gion while retaining the ability to refine individual solu-
tions. 

A limited parameter sensitivity analysis was con-
ducted for GA v3 using five fixed seeds and 3000 gen-
erations for each configuration. Starting from the re-
ported setting of population 160, crossover probability 
0.85 and mutation probability 0.20, the population size 
was varied to 120 and 200, the crossover probability to 
0.80 and 0.90, and the mutation probability to 0.15 and 
0.25. The mean Cmax

full values obtained from the tested 
settings range from 1052.92 s to 1101.08 s. The results 
show that changes in population size, crossover prob-
ability and mutation probability can influence the full-
process scheduling outcome, with mutation probability 
showing a particularly visible effect within the tested 
range. This analysis provides a quantitative view of the 
sensitivity of GA v3 to bounded changes in its principal 
search parameters and supports the interpretation of 
the reported parameter setting within the tested config-
uration range. 

5. Conclusions 

This paper proposed PG-FVEV, a Petri-GA-based 
full-process virtual execution validation framework for a 
rail-mounted manipulator-CNC flexible manufacturing 
line. The framework links offline GA scheduling search, 
Petri-net resource constraints, q/g dispatch mapping 
and MIoT.VC virtual execution within a continuous 
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schedule-to-execution process. The GA determines the 
workpiece dispatching sequence and CNC assign-
ments, the Petri-net layer constrains the use of shared 
production resources, and the q/g mapping converts the 
selected scheduling decision into event-level dispatch 
logic. This formulation enables a numerical scheduling 
result to be examined through offline virtual execution 
rather than remaining only an objective-function value. 

The experimental evaluation further confirms the ef-
fectiveness of the proposed framework. In the five-
workpiece case, exhaustive enumeration provides ob-
jective-specific references for the two completion crite-
ria. GA v2 reaches the minimum Cmax

CNC of 162.20 s, while 
GA v3 reaches the minimum Cmax

full of 199.30 s and main-
tains concentrated repeated-run performance near this 
reference. The selected GA v3 schedule is subse-
quently reproduced in MIoT.VC, where the prescribed 
dispatching order, CNC routing and final rack comple-
tion remain fully consistent with the mapped scheduling 
result. Building on this finite-case validation, the 30-
workpiece case evaluates GA v2 and GA v3 under 
matched search settings. GA v3 reduces the mean Cmax

full 
from 1119.31 s to 1091.49 s and the standard deviation 
from 35.44 s to 22.21 s, showing improved full-process 
scheduling performance and more concentrated re-
peated-run results. These findings demonstrate that 
PG-FVEV can connect offline scheduling optimisation 
with resource-constrained execution logic and provide 
a practical basis for evaluating complete production-
line schedules. 

However, the present study remains limited to deter-
ministic offline virtual cases. Future work could investi-
gate disturbance-aware dynamic scheduling under un-
certain event sequences [38]. Robust supervision for 
unreliable resources would require a separate failure 
model [39]. Physical-virtual feedback and controller-
level integration would require online interfaces beyond 
the current PG-FVEV scope [31]. 
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