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Abstract

Precast concrete components, as one of the important structural systems in prefabricated
buildings, have received widespread attention due to their efficient manufacturing charac-
teristics on the production line. Their production sequence and layout on the mold table
have a crucial impact on production energy consumption. However, a critical constraint
is often overlooked in the first step of precast concrete manufacturing: the production
sequence and layout of molds are planned without considering the limited availability
of molds for each component type. Therefore, this article proposes a mixed-integer pro-
gramming model for the production sequence and layout of precast concrete components
under a limited number of molds, aiming to simultaneously minimize production energy
consumption, fluctuation coefficients of mold table utilization, and mold switching time. To
obtain high-quality solutions for production sequence and mold layout, a multi-objective
genetic flatworm algorithm with a Tabu mapping mechanism is developed to efficiently
determine the production sequence and the positions of molds on the mold tables. Through
three production cases of precast concrete components with different scales, the proposed
model and algorithm have been demonstrated to be highly effective in assisting decision-
makers in quickly formulating the optimal production sequence and layout schemes for
precast concrete components.

Keywords: precast concrete components; production sequence; layout optimization;
multi-objective genetic flatworm algorithm; Tabu mapping mechanism

1. Introduction
With the accelerated pace of global urbanization and the booming development of the

construction industry, the pursuit of efficiency, quality, and environmental standards in
construction projects has become increasingly stringent. Prefabricated buildings, with their
innovative models of prefabricated production and rapid on-site assembly, are gradually
becoming an important driving force for the transformation and upgrading of the construc-
tion industry [1]. By manufacturing precast concrete components (PC/PCs) in factories and
assembling them efficiently on-site, the model not only realizes the standardization, indus-
trialization, and informatization of the construction process but also greatly improves the
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construction efficiency and reduces the construction cost [2–4], while effectively reducing
construction waste and environmental pollution and exploring a new path for the pursuit
of sustainability in construction practices [5].

Relevant government departments in China attach great importance to the develop-
ment of prefabricated buildings. The ‘14th Five-Year Plan’ for the development of the
construction industry clearly proposed that, by 2025, a target be set requiring that prefabri-
cated buildings account for over 30% of all new construction [6,7]. Sichuan Province has
set a high target of over 40% and emphasized that the assembly rate should not be less
than 50%. In this context, PCs, as the core component of prefabricated building systems,
have a dual guarantee of production efficiency and quality, which is crucial for ensuring
the successful implementation of the entire building project.

The production of PCs is a discrete manufacturing process highly dependent on mold
technology [8]. As a key tool in the production process, the rationality of the mold de-
sign and the efficiency of the layout directly determine the overall performance of the
production line. Mold layout is the optimal strategy for planning the layout of PCs within
a limited space on the mold tables, aiming to maximize mold tables’ utilization, shorten
production cycle times, and reduce costs [9]. This process not only requires designers to
possess exceptional intelligence and innovation capabilities but also tests the coordination
and scheduling abilities of production managers. In view of the continuous growth of
construction demand and the increasingly fierce competition in the market, it is particularly
important to study the optimization of the mold layout for the production of precast PCs.
Optimization of mold layout can bring multiple benefits: Firstly, it significantly improves
production efficiency by reducing the frequency of mold replacement through scientific
and reasonable layout design, shortening the production cycle time, and improving the
continuous operation capability of the production line, thereby achieving rapid production
growth while ensuring component quality. Secondly, optimizing the layout of PC molds
can avoid mold turnover waste, improve mold table utilization, reduce mold wear and
maintenance costs, and ultimately lower total production costs, creating greater economic
benefits for the enterprise. Finally, it can also promote the standardization and automa-
tion of the PC production process, further enhancing the management level and market
competitiveness of enterprises [10–12].

Although scholars have made many research achievements in the field of PC produc-
tion planning and scheduling, there is still a lack of in-depth research on the optimization
of PC production mold layout [9]. Especially in the production environment of limited
mold resources and multiple varieties and small batches, effectively evaluating the impact
of mold layout on PC production, balancing the workload of the mold tables, saving energy
consumption, and minimizing the negative effects of mold switching have become complex
and challenging topics. The main contribution of this paper includes the following aspects:

1. A mixed-integer programming (MIP) model is constructed for the production se-
quence and layout optimization under mold constraints (PC-PLO-MC), which con-
siders the limitation of mold quantity and the production spacing requirements,
enhancing the practical relevance of the PC-PLO-MC model.

2. With respect to the current concerns of PC production managers, three optimization
objectives are defined in the PC-PLO-MC model, including minimizing the production
energy consumption, balancing the utilization rate of the mold tables, and reducing
mold switching time.

3. A multi-objective genetic flatworm algorithm with a Tabu mapping mechanism (GFA–
Tabu) is developed to solve PC-PLO-MC, and a PC positioning selection strategy
called weighted matching filling is designed. Finally, the effectiveness of the algo-
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rithm in optimizing PC production sequence and layout is verified by three cases of
different scales.

The rest of this article is organized as follows. Section 2 reviews the relevant areas
of focus in current PC production. Section 3 describes the optimization problem of PC
production layout under mold constraints and constructs the MIP model. Section 4 details
the logical steps of the work of the proposed GFA–Tabu. Section 5 validates the applicability
of the proposed PC-PLO-MC model and the computational efficiency of the GFA–Tabu
method through a total of four numerical cases of three different scales. The last section
summarizes the conclusions of PC-PLO-MC.

2. Related Works
PC-PLO-MC has been proven to be similar to the cutting stock problem [13] and the

two-dimensional bin packing problem [14,15], but it is far more complex than both. A great
deal of theoretical research and practical work has been conducted by researchers and PC
producers, respectively. This section mainly focuses on three aspects: the PC production
process and production organization, PC production scheduling optimization, and molds
in the PC production.

2.1. PC Production Process and Production Organization

The production process of PC usually undergoes the following procedures [16].
(1) Mold preparation and assembly. The molds matching the PCs to be produced are
selected and precisely fixed on the mold table. (2) Installation of steel reinforcement skele-
ton and embedded parts. Accurately place and fix the elements to be pre-buried in the PC,
such as electrical conduits, junction boxes, etc., to the designated locations. (3) Concrete
pouring. The concrete is evenly cast into the mold, and the process needs to ensure that
there are no air bubbles and voids inside the concrete, and the surface is flat and smooth.
(4) Curing stage. The PCs are moved to a specialized curing room with a high-temperature
and high-humidity environment for the PC to accelerate the hardening process as soon as
possible. (5) Demolding. When the concrete strength reaches 75% or more of the design
strength, the PCs can be removed from the curing room together with the molds, and
the molds can be removed so that the PC is completely exposed. (6) Post-processing and
inspection. After demolding, conduct a detailed inspection of the surface of the PC, and if
necessary, perform precision machining such as polishing and repairing.

In terms of PC production organization, two main modes currently exist: fixed-mold
table production and flow mold table production [17]. Despite their differences, both share
the six core processes outlined above. The key distinction lies in the role of the mold table:
in fixed-mold table production, the table remains stationary while operators, reinforcement,
and concrete move between tables. This method offers broad applicability and strong
versatility, making it suitable for producing non-standard PCs [18]. The other method
is a mode of continuous production through automated or semi-automated production
lines in a specific sequence and rhythm. The PC production line is organized into multiple
workstations corresponding to the processes outlined above. Each workstation is equipped
with dedicated operators and tools to perform one or a few specific tasks. During the
production process, the operators remain stationary while the mold tables are transported
between workstations by the production line system. This method has the advantages of
high automation, high productivity, and low production costs, and it is particularly suitable
for large-scale, standardized production of PCs [19].
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2.2. PC Production Scheduling Optimization

Optimizing the production sequence and layout of PCs plays a key role in production
planning and scheduling [18]. Since the initial proposal by Warszawski [20], numerous
scholars have dedicated significant effort to this field of research. Subsequently, Chan
et al. developed a foundational flow shop scheduling model for PC production, laying
the groundwork for subsequent studies on PC production scheduling [10,19,21]. Subse-
quent research has explored various dimensions of this problem. For instance, production
scheduling in a hybrid flow shop environment—where standard PCs are made-to-stock and
non-standard units are made-to-order—has been examined [22]. The scheduling in multi-
factory PC production has also been investigated to improve delivery performance [23].
Recognizing the continuous nature of concrete pouring and curing processes, researchers
have introduced blocking constraints between mold tables to enhance model realism [7].
Dynamic scheduling models accounting for uncertainties in construction project progress
have been developed, reducing the likelihood of delivery delays [12,24,25]. More recently,
a comprehensive model incorporating mold preparation, PC inventory, and delivery has
been proposed to improve the accuracy of the whole supply chain [17]. Recently, a pro-
duction redundancy scheduling optimization model has been developed to address the
issue of unstable production interruptions in PCs to minimize interruption losses in PC
production [26].

The primary objectives of optimizing the production planning and scheduling of PCs can
be broadly categorized into four main areas: minimizing the makespan [16,18,19,21,27–29],
reducing production costs [7,30–32], minimizing inventory costs [23,33,34], and mitigat-
ing the financial penalties incurred due to delayed or early delivery. The reduction in
bottlenecks and construction delays [35], the maximization of profitability and supply
security [36], and so forth. The field of production scheduling is inherently complex, with
the NP-hard problem representing a significant challenge [23,37]. The complexity of PC
production scheduling has prompted the development of three optimization paradigms:
exact algorithms, heuristics, and meta-heuristics. Exact methods—including mathematical
analysis [38], MIP [39], and branch and bound [40]—provide optimal solutions but face
scalability issues. Heuristic algorithms constructed based on intuition or experience can
optimize the makespan with acceptable time consumption [41]. As problem size increases,
however, both categories encounter limitations, driving research toward meta-heuristic al-
gorithms. This class of methods encompasses a range of techniques, including the classical
genetic algorithm [16,42], particle swarm optimization [43,44], simulated annealing [37],
and hybrid algorithms such as the hybrid differential firefly algorithm [45], genetic gray
wolf optimizer [46], and others. Recently, simulation [47] and reinforcement learning-based
approaches [48,49] have also demonstrated efficacy in PC scheduling.

2.3. Mold Resources in PC Manufacturing

PCs flow unidirectionally between workstations on the mold table throughout a pro-
duction cycle, and all of the above literature has examined the problem of production
sequencing of PCs. Regarding the role of mold resources in PC production, the inclusion of
identical parallel molds with shared resources in PC production was studied, aiming to re-
duce the total product cost [50]. Lim addressed the challenge of optimizing both production
scheduling and stacking area design for PCs, considering mold table limitations [51]. The
influence of custom mold availability on PC processing time was explored by Benjaoran
et al. and Yang et al. [52,53]. Hu combined tool scheduling with flow shop optimization to
achieve balanced tool use and reduce peak-demand-induced waste in PC production [10].
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2.4. Research Gap

Research on PC production sequence and layout on the mold table remains limited.
Zheng et al. applied grouping techniques to PC allocation on the mold table, address-
ing scheduling challenges in mixed flow production [54,55]. However, their reliance on
a 0–1 random assignment method, which neglected the geometric and positional rela-
tionships between components, failed to provide a viable solution for mold assembly—a
significant gap relative to actual production practices. Wang et al. addressed this limita-
tion by proposing a MIP model that incorporates order demand, mold table dimensions,
and constraints related to component positioning. Their approach maximizes the aver-
age utilization of mold tables during assembly [9]. However, this approach suffers from
two shortcomings. One is its failure to account for mold quantity constraints arising from
high production costs. The other is its reliance on a predefined, limited number of PC
arrangement patterns on the mold table, limiting real-world usefulness.

Therefore, optimizing the production sequence and layout of PCs subject to the limited
molds is of considerable importance. This study focuses on addressing such efficiency
bottlenecks in PC manufacturing practice. A mixed-integer programming model is devel-
oped, which establishes three core optimization objectives: minimizing production line
energy consumption, balancing mold table utilization, and reducing mold switching time.
Building on this, a multi-objective genetic flatworm algorithm incorporating a Tabu map-
ping mechanism is proposed to solve the problem of PC-PLO-MC, with its performance
effectively validated through practical case studies.

3. Mathematical Model for PC-PLO-MC
3.1. Problem Statement

All six PC fabrication processes are carried out on a series of mold tables along the
production line. As illustrated in Figure 1, two mold tables at the assembly workstation
hold eight components spanning five different sizes.

Figure 1. Diagram of the assembly of PC molds on the production line.

The space occupied by PCs constitutes the effective utilization area of the mold table,
while the remaining area is wasted. A larger total occupied area of PCs on the mold
tables corresponds to a higher utilization rate. For the curing process with high energy
consumption, a higher number of PCs can be cured simultaneously with the limited
capacity of the curing kiln. Therefore, increasing the overall utilization of the mold tables
contributes to a marked reduction in energy consumption.

Table 1 presents the order information for four types of PCs, with each column repre-
senting the corresponding mold quantity, order demand quantity, PC entity size for the
concrete casting part, and the length of the extended steel bars in four directions. It should
be noted that the area occupied by a PC on the mold table includes both its concrete section
and the extended reinforcement portion. The impact of the production sequence and layout
of PCs in Table 1 on energy consumption, production line balance, and mold switching
time will be elaborated upon in Section 3.3.

https://doi.org/10.3390/buildings16050951

https://doi.org/10.3390/buildings16050951


Buildings 2026, 16, 951 6 of 31

Table 1. Production information for 4 types of PCs (P4).

PC
Mold

Quantity
Order

Demand

Geometric Size (mm)

Length Width Lleft Lright Ltop Lbottom

1# 2 4 1610 1260 90 90 90 150
2# 1 2 3520 960 90 90 90 150
3# 2 3 4020 2400 90 90 0 0
4# 3 5 2520 1560 90 90 90 150

3.2. Assumptions

1. The types, geometries, and order demand quantities of all PCs waiting to be produced
are known.

2. The number of molds for each PC type is predetermined, regardless of the combina-
tion of molds. During the production of each type of PC, the corresponding molds
participate in the layout according to the maximum available quantity.

3. Parallel alignment with the mold table edge is maintained for all PC molds in the
layout, and non-parallel placement is not considered.

4. The number of mold tables is sufficient.
5. There is no difference in the demand deadline for all PCs in the production order.
6. All coefficients directly related to PC production are known.

3.3. Mathematical Model of PC-PLO-MC

When arranging PC molds on the mold table, the following geometric dimensions,
positional constraints, and associated quantitative constraints should be satisfied:

0 ≤ Pis ≤ Qi ∀i ∈ I, s ∈ S (1)

∑Ns
s=1 Pis = di ∀i ∈ I (2)

d/2 ≤ xi ≤ L− (1− ri)li − riwi − d/2 ∀i ∈ I (3)

d/2 ≤ yi ≤W − (1− ri)wi − rili − d/2 ∀i ∈ I (4)

xi + (1− ri)li + riwi + d ≤ xj ∀i, j ∈ I (5)

xj +
(
1− rj

)
lj + rjwj + d ≤ xi ∀i, j ∈ I (6)

yi + (1− ri)wi + rili + d ≤ yj ∀i, j ∈ I (7)

yj +
(
1− rj

)
wj + rjlj + d ≤ yi ∀i, j ∈ I (8)

∑I
i=1 zip = 1 ∀p ∈ P (9)

ri= 0 or 1,rj= 0 or 1 ∀i, j ∈ I (10)

Equation (1) denotes that the quantity of molds allocated to the ith PC does not exceed
a given value in the sth layout. Equation (1) denotes that all PCs are produced after several
layouts, and the demand of the order is satisfied. Equations (3) and (4) indicate that the
molds for any PC are placed inside the mold table, and the spacing between each PC
and the edge of the mold table is not less than half of the production spacing, where the
production spacing d = 300 mm. On the mold table, any two PCs cannot overlap each other,
and their feasible relative positional relationships can be up-down or left-right. Therefore,
the coordinate constraint relationship between them can be expressed as Equations (5)–(8)
for a set of redundant constraints, and only one of which needs to be satisfied in practice.
In a PC’s production sequence, the PC’s category at any location is uniquely determined
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and can be constrained by Equation (9). Equation (10) represents the feasible arrangement
direction of the PCs, where 0 corresponds to parallel orientation between the PC length
and mold table length, and 1 means that the two directions are perpendicular to each other.

Based on the above layout constraints, the aim is to minimize the following three objectives:

min f1 = f11 + f12

f11 = (w1 + w2)∑
i∈I

liwihi

f12 = w3

(
α ∑

i∈I
liwihi + β ∑

k∈K
yk

) (11)

min f2 =
√

∑
k∈K

(ηk −max{ηk})2/ ∑
k∈K

yk

ηk = ∑
i∈I

lk
i wk

i hk
i /LW

(12)

min f3 = w4 ∑
k∈K

yk + w5

P

∑
p=1

zp (13)

Equation (11) represents the total energy consumption of the PCs, which, in terms
of energy type, consists mainly of water, electricity, and natural gas apportioned to the
PCs by the production line system. In terms of the production process, f1 can be divided
into two parts, where f11 is called the process energy consumption, which consists of the
energy consumption of the hot curing process and five other processes, and is positively
proportional to the volume of the PCs. f12 is called the transportation energy consumption
(also known as the non-process energy consumption), which is mainly related to the weight
of the PCs to be produced and of the utilized mold tables. It is assumed that each cubic
meter of reinforced concrete is 2.5 tons, and each mold table is 10 m long, 4 m wide, and
weighs 6 tons, with a thickness of 60 mm for all PCs. For calculation purposes, energy
consumption is measured in kilograms of standard coal equivalent (kgce). Based on the
norm of energy consumption per unit of PCs, w1 is set to 25 kgce/m3, w2 is set to 5 kgce/m3,
and w3 is set to 6 kgce/t. It should be noted that the total energy consumption does not
include the energy consumed by the PCs from the factory delivery to the construction site.
Thus, it is clear that energy consumption is closely related to carbon emissions, with lower
total energy consumption indicating a relatively cleaner production process.

ηk in Equation (12) represents the utilization efficiency of the kth mold table, expressed
as the ratio of the occupied area of all PCs to the whole area of the utilized mold ta-
bles. f2 represents the balance coefficient of the utilization of the production line’s mold
tables during the completion of all processes, which indicates the fluctuation degree of
the utilization efficiency across all mold tables or the operators’ workload. Very similar
to the standard deviation, the smaller the indicator, the more balanced the workload of
different mold tables at the same workstation in the entire assembly line; to a large extent,
the situation of sometimes idle and sometimes busy is avoided.

f3 represents the mold switching time, which consists of two parts. w4 is the switch-
ing time between two mold tables, which is assumed to be 10 min, and w5 is the mold
adjustment time for two different PCs, which is set to 2 min, and we assume that the
mold adjustment time for two consecutive identical PCs is 0. In a PC layout sequence,
the total number of switching times for PCs can be stated as the ∑P

p=1 zp. The switching
time for the first precast component is counted as z1 = 1. The lower the value, the less
non-value-added time it takes for mold switching and adjustment, which is highly favored
by workshop managers.

The effect of the PC production sequence and layout scheme on the optimization
objectives can be demonstrated using P4 in Table 1, assuming that there are three dif-
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ferent PC production sequences for the same production task, S1 = {11233444,112344},
S2 = {21144334,211443}, and S3 = {44334211,443211}. Obviously, the limitations on the num-
ber of molds result in all three scenarios requiring the mold to cycle at least two times to
satisfy the order demand. The expression of production sequences will be detailed in the
encoding part. Subject to the above constraints, three different production scenarios are
shown in Figure 2, with the dark rectangles indicating the PCs placed on the mold tables
and the red dashed boxes indicating the production process interval boundaries.

 
(a) Production layout solution for S1. 

 
(b) Production layout solution for S2. 

 
(c) Production layout solution for S3. 

Figure 2. Examples of three production layout schemes.
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Intuitively, five mold tables are required by both S1 and S2 to complete the layout
task, while S3 requires only three, leading to significantly higher energy consumption in S1

and S2. The usage rate per mold table is given in the blank areas in Figure 2, respectively.
According to Equation (12), the mold table utilization balance rate for scheme S1 is 20.29,
while it is only 0.43 for S2. Although the balanced utilization of all three mold tables in
scheme S3 is above 50%, which is significantly higher than that of the other two schemes,
its f 2 is 15.5, which indicates that the production line has a better rhythmicity under scheme
S2. Ideally, the shorter the mold switching time is when all the PCs of the same type are
arranged in a layout together, so scheme S1 has the shortest switching time of 16 min.
However, considering the limitation of the number of molds, the different placement order
of PCs, and the preparation time for switching and cleaning the mold tables, the scheme
shown in Figure 2c saves more non-value-added labor time.

PC-PLO-MC simultaneously minimizes energy consumption, mold utilization balance
index, and mold switching time. The case in Figure 2 also proves the conflict between the
three objectives; that is, the three objectives cannot be minimized simultaneously. Therefore,
PC-PLO-MC belongs to multi-objective optimization problems. To evaluate the quality
of the solution, the idea of the Pareto optimal solution (also known as the Pareto non-
dominated solution) is employed, and a detailed description can be found in the classical
non-dominated sorting genetic algorithm (NSGAII) [56]. Based on the characteristics of
the combinatorial explosion of PC production layout schemes under the constraint of
mold quantities, approaches to maximize mold table utilization while ensuring balanced
workloads at each workstation, while reducing the energy consumption of the production
process, and minimizing the non-value-added operation time make PC-PLO-MC more
challenging and complex.

4. Genetic Flatworm Algorithm with Tabu Mapping Mechanism
The flatworm algorithm (FA), inspired by the unique growth, splitting, and regenera-

tion mechanisms of flatworms in nature, has been ingeniously transformed and designed
by Tseng and his partners [57] into an efficient search and optimization algorithm. This
algorithm not only cleverly draws on the unique biological characteristics of flatworms,
making its principles and operation process intuitive and easy to understand, but also
stands out in the field of combinatorial optimization with its global search ability, such as
disassembly sequence planning. However, the single-starting-point design of FA limits its
parallel computing capabilities, making it difficult to realize its full potential in multi-core
or distributed computing environments, which in turn affects search efficiency.

The standard genetic algorithm (GA) also has strong global optimal solution search
ability, but extensive practice has shown that GA has the shortcomings of poor local search
ability and premature convergence, while the above-mentioned FA has superior perfor-
mance in local search. In response to this limitation, our research team has integrated
genetic algorithms’ population diversity and hybridization advantages into FA and success-
fully constructed an optimized version called the genetic flatworm algorithm (GFA) [58]
for multipoint parallel computing.

Although this improvement has significantly enhanced the algorithm’s parallel pro-
cessing capability, the combination of FA’s built-in growth, splitting, and regeneration
heuristics and the stochastic nature of the genetic operation during execution inevitably
leads to the emergence of overlapping search paths and duplicate solutions, which in turn
may degrade the search efficiency and quality. Therefore, we redesigned the famous Tabu
list and embedded it into the genetic flatworm algorithm to develop a multi-objective
genetic flatworm algorithm with a Tabu mapping mechanism (GFA–Tabu). The specific
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calculation process of GFA–Tabu is shown in Algorithm 1, and the following section will
deeply elaborate on its working logic in solving the PC-PLO-MC problem.

Algorithm 1 GFA-Tabu for the PC-PLO-MC

Input: Information of PC production order, molds and GFA-Tabu parameters.
Output: PC production sequence and layout schemes (PS & LS) for PC-PLO-MC.
Begin:

Import PC order demand and mold information. // Model and parameter initialization
GFA-Tabu parameters initialization, including: population size n, coefficients p, empty Tabu list, etc.
Generate an initial population with n individuals (Pop) by PC production sequence representation.
Divide Pop into two subgroups randomly, named Pop1 with np individuals, and Pop2 with (n- np) individuals.
Determine the positioning strategy of PCs by all individuals in the Pop and update the Tabu list.
While (termination criteria is satisfied) do // Main loop

For individuals (marked as Ii) in Pop1 // Genetic manipulations
Crossover and mutation;
Check result by performing Tabu mapping mechanism; // Tabu mapping mechanism
If offspring Ii* performs better than Ij and the result is not tabued, then Ii*← Ii, and update tabu list;
Else Ii ← select one with relatively better performance in Ii*, and update tabu list;
Determine the positioning strategy of PCs by all individuals in the Pop1 and update the Tabu list.

EndFor
Update Pop1. // Selection
For individuals (marked as Ij) in P2 // Flatworm manipulations

Growth, splitting, and regeneration;
Check result by performing Tabu mapping mechanism; // Tabu mapping mechanism
· · · · · · // Operation is similar to that in Pop1

EndFor
Update Pop2.

Endwhile
PS & LS← PF(Pop1∪Pop2). // Pareto front (PF)

End

4.1. PC Production Sequence Representation

To facilitate the application of GFA–Tabu in PC-PLO-MC, our first task is to determine
the production sequence of the PCs before placing them on the mold tables. This process
is called encoding in the GFA–Tabu, which is the foundation of the entire optimization
process. A reasonable PC production sequence encoding must fulfill three core criteria:
firstly, the encoding must be able to cover the required demand of all PC types in the
production order. Secondly, the encoding needs to satisfy the limitation of mold availability
on the production line. For example, for the 1# PC in Table 1, the demand is 4 pieces while
the corresponding molds are only two pieces, so the two pieces of 1# PC molds have to be
cycled twice to satisfy the order. For PC 4#, the situation is relatively complicated. In the
second mold cycle layout, only two out of three pieces of molds are involved in production,
and the other one piece is idle. Finally, a rational encoding individual in GFA–Tabu must
be able to efficiently and stably perform genetic operations, as well as be easily recorded
and released under the Tabu mapping mechanism. It should be noted that the strategy
of keeping the PC mold layout as consistent as possible between two adjacent PC mold
layouts is adopted when generating encoded individuals, which ensures that there will be
the same or similar mold arrangement in different layout rounds, being more conducive to
the workers’ operation.
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Based on the above criteria, we have constructed a feasible PC production sequence in
Table 1, as shown in Figure 3. The numbers in the encoding circles represent the PC types,
with a total of 14 PC elements. The arrows from left to right in the encoding scheme in
Figure 3 indicate the sequence in which PCs are produced, with the PCs at the end of the
arrow taking precedence over those at the beginning.

Figure 3. Three feasible encoding solutions.

According to the second criterion, we can easily determine that completing the order
requires all PC molds to undergo two cycles of placement, with the only difference being
that 3# and 4# PC molds are only partially involved in the second round. Therefore, in
the encoding, the segment without a background color represents the first round of mold
layout, while those with a dark background indicate the second round. The numbers 0 and
1 above the circle indicate the direction in which the PC molds are located relative to the
mold table. Next, the population in the GFA–Tabu algorithm can be created based on the
above encoding rules.

4.2. PC Mold Positioning Strategy

After determining the production sequence of the PCs, for a specific PC, the way
and position of its layout need to be precisely determined when it is placed on the mold
table. There are various ways to arrange the molds on the mold tables, and an improper
layout has a significant impact on production energy consumption and other goals. As
mentioned earlier, the arrangement of molds on the mold tables can be regarded as a
two-dimensional bin packing problem. For medium and large computational problems, the
most commonly used positioning methods are the bottom-left positioning algorithm [59],
the minimum horizontal line method [60], and the rectangular interval generation and
selection (IGS) method [61,62], while the bottom-left and minimum horizontal line methods
are excellent for the bin packing problems with a small geometric size. Considering the
special characteristics of the PC-PLO-MC problem, that is, each PC has a larger rectangular
area and each mold table can generally only hold four to six PCs, the IGS method has
greater advantages in dealing with the layout of large-sized PCs. Therefore, the IGS method
is adopted in this paper, and in order to make the IGS have better adaptability to the PC-
PLO-MC problem, we design a PC localization selection strategy called weighted matching
filling (WMF) and embed it in the IGS localization method. The process of determining the
positioning of the PC molds on the mold tables is detailed in Algorithm 2.

Algorithm 2 Determine the exact positions of molds on the mold tables

Input: PC production sequence and a certain number of available mold tables.
Output: Production layout plan for PC molds.
Begin
Select the first element in the PC production sequence for placement, and marked the first element index as i = 1;
Initialize the empty mold tables (without any molds on them), and marked the first empty mold table index k = 1;
While Not all molds in the PC production sequence have been placed on the mold tables

If the mold table is empty, then the current mold i is placed in the lower left corner of the current mold table k;
Else // At least one set of PC molds has been placed on the mold table

Identify a set of rectangular intervals (mark as RI) on the current mold table; // RSG method
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Algorithm 2 Cont.

For each rectangular interval in RI
Calculate the weighted matching value for each rectangular interval; // WMF method

EndFor
If there are multiple rectangular intervals with the same maximum weighted matching value

Select one (mark as ri) of the rectangular intervals randomly;
Else

Select the rectangular interval (mark as ri) with the maximum WMF value;
EndIf
If current PC mold i can be placed in the ri on the current mold table k

Record the placement sequence of PC mold i as PS_tabu;
Record the current position coordinates of the PC mold i on mold table k;
i = i + 1; // Jump to the (i + 1) th PC mold to be continued

Else // current PC mold i cannot be placed in the ri on the current mold table k
Save the PCs that have been placed on the current mold table k;
Record layout scheme on mold table k as LS_tabu and PS_tabu in the Tabu list;
k = k + 1; // Skip to the (k + 1) th mold table to continue placing the rest PC molds

EndIf
EndWhile
Output the determined layout theme.
End

4.2.1. Rectangular Set Generation (RSG) Method

The generation of a rectangular set involves two processes: partitioning and merging
rectangles. As shown in Figure 4a, for the mold table ‘ackg’, the set of rectangular intervals
can be represented as RSG = {‘ackg’}. After the PC mold is placed, the remaining space
on the mold table is divided into five rectangular areas—‘dehg’, ‘dfkg’, ‘bcfe’, ‘bckh’, and
‘efkh’—and the corresponding set of rectangular intervals can be denoted as RSG = {‘dehg’,
‘dfkg’, ‘bcfe’, ‘bckh’, ‘efkh’}. Then, the rectangular spaces that contain each other are deleted
from the set of rectangular intervals, and the rectangles that cross and overlap each other
are retained. Both ‘dehg’ and ‘efkh’ in the above set of rectangles are contained by the
rectangle ‘dfkg’, so they are deleted. Similarly, the rectangle ‘bcfe’ is deleted. Therefore, the
set of rectangular intervals becomes RSG = {‘dfkg’, ‘bckh’}. For the next PC mold j waiting to
be placed, it is necessary to select a rectangle from ‘dfkg’ and ‘bckh’ in the set of rectangular
intervals for placement. After selecting two different scenarios for placement, there are
differences in the newly obtained set of rectangular intervals. As shown in Figure 4b,c,
when the PC mold j is placed in the rectangular interval ‘dfkg’, according to the generation
process of the rectangular interval mentioned above, then RSG becomes {‘dehg’, ‘nmkg’,
‘sckp’}. Similarly, when j is placed in the rectangular interval ‘bckh’, RSG becomes {‘trkg’,
‘qckp’, ‘bcse’}. It should be noted that the spacing between PC molds is not considered here
to simplify the RSG method elaboration.

Figure 4. Process of rectangular interval generation and selection.
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4.2.2. Weighted Matching Filling (WMF) Method

Section 4.3.1 explained that selecting different rectangular intervals has a significant
impact on the subsequent placement of PC molds. However, the general selection process
is as follows: firstly, the rectangular interval selected from the set of rectangular intervals
must satisfy the size requirements of the PC molds, that is, the size of the rectangular
interval must be greater than or equal to the size of the PC molds to be placed. Secondly,
the selection principle of rectangular intervals is that there may exist more than one that
meets the size requirements. Choosing a rectangular interval to place PC molds is the key
problem to be solved. Traditional random selection is a fast method, but not necessarily the
most beneficial for saving energy and other objectives. This paper proposes a rectangular
interval selection method based on weighted matching filling, as shown in Equation (14).

Max WMF = λ0 ·
(

λ1 ·
li
Lt

+ λ2 ·
wi
Wt

+ λ3 ·
li · wi
Lt ·Wt

)
∀i ∈ I, t ∈ RI (14)

Equation (14) represents the selection of a rectangular interval, which is jointly deter-
mined by the weighted matching function generated in terms of the length, width, and
area of the rectangular interval and the PC mold. λ0 indicates whether the rectangular
interval can accommodate the current PC mold; a value equal to 1 means yes, and 0 means
no. λ1, λ2, and λ3 are three weight factors for the length ratio, width ratio, and area ratio
of the two, with values of 0.25, 0.25, and 0.5, based on a comprehensive consideration of
the following two aspects: firstly, through regression analysis of historical production data
and layout schemes, it was found that the area utilization rate has the most significant
impact on the overall layout compactness, so it is given a higher weight of 0.5. Secondly,
the dimensions of the length and width have a relatively balanced constraint effect on the
utilization of the mold table, so they are each given a weight of 0.25 to reflect their equal
importance in avoiding local congestion and to ensure the process spacing between compo-
nents. The higher the value of WMF, indicating that at least in one of the three dimensions,
the rectangular interval is highly matched with the PC mold and is therefore prioritized
for selection. The theoretical maximum value of WMF is 1, corresponding to the scenario
where the rectangular interval is perfectly aligned with the size of the PC mold.

4.3. Genetic Manipulations

Genetic operations are performed on all encoded individuals in Pop1. This also reflects
one of the advantages of the GFA–Tabu, as the existence of subpopulations eliminates the
need for additional definitions of difficult-to-determine crossover and mutation probabili-
ties. Regarding the PC-PLO-MC problem, each operation was elaborated as follows.

4.3.1. Crossover

Due to the distinctiveness of the PC-PLO-MC problem, the encoding individuals gen-
erally consist of two or more sub-segments, and starting from the second and subsequent
sub-segments, their PC production sequence is closely related to the first segment. There-
fore, we only perform a two-point mapping crossover of the PC production sequence of the
first round, but the two-point mapping crossover may result in infeasible encoding individ-
uals, which requires a repair operation. Then, the sequence rearrangement is performed
for segment 2 and subsequent sub-segments, similar to the encoding process. A crossover
scheme for the two encoded individuals is given in Figure 5 with the following steps.

Step 1: Randomly select two different PC production sequences in Pop1 as parent
individuals, denoted as P1 and P2.
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Step 2: Generate two random integers as crossover points between the values of 1 and
the length of the first sub-segment. The crossover points in Figure 5 are PCs 3# and 6# from
left to right.

Step 3: P1 is used as the crossover individual, and P2 is used as the reference individual.
Swap the PC subsequence {2,3,3,4} between the crossover points of P1 with {1,4,4,3} in P2,
as well as swap the layout directions corresponding to each other, and keep the others
unchanged. An offspring individual of P1 is obtained, denoted as O1.

Step 4: Based on the PC production order, check if the encoded offspring is feasible.
If feasible, proceed to step 6; otherwise, repair operations are required. In the offspring
O1, we found that the first sub-segment of P1 is {1,1,2,3,4,4,4}, while O1 is {1,1,1,4,4,3,4,4}.
It is evident that all PCs of type 2 have been lost, one PC of type 3 is missing, and one
more PC of types 1 and 4 has been added compared to the original. Therefore, O1 needs to
be repaired.

Step 5: Repair. Specifically, after the crossover, the sub-segment of offspring 1 that
has been crossed is extracted from the complement set in the original parent 2, reordered
according to the order of its appearance in parent 1, and then repaired and replaced. The
sub-segment of O1 after crossover is {1,4,4,3}, and its complement set is {2,1,3,4}, which is
reordered as {1,2,3,4}, and O1 after repair is {1,2,1,4,4,3,3,4}.

Step 6: Rearrange the second round and subsequent sub-segments in offspring 1
by referencing the crossed sub-segment. The second sub-segment {1,1,2,3,4,4,} in O1 is
rearranged to {1,2,1,4,3}.

Step 7: Similarly, swap the roles of the two parent individuals and repeat step 3 to get
the offspring O2 of P2.

 
Figure 5. The crossover manipulation.

4.3.2. Mutation

Individuals in the Pop1 subpopulation will perform mutations, and the mutation
process of P1 is depicted in Figure 6. Firstly, in the first round of the PC sequence, randomly
select a mutation point, assuming that the first 3# PC from left to right is selected. Then,
the PC number at the mutation point can be randomly swapped with the PC number at
the front or back position. Finally, similar to the crossover process, it is necessary to adjust
the PC sequence of the second and subsequent rounds according to the sequence of the
mutated PC in the first round to create a new mutated individual.
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Figure 6. The mutation manipulation.

4.3.3. Selection

Crossover and mutation applied to Pop1 produced new individuals after genetic
manipulation. These new individuals merged with the initial population to create a larger
population that temporarily expanded to three times the size of the initial population.
In order to maintain the appropriate population size and promote the continuation of
the evolutionary process, a selection mechanism based on the Pareto dominance relation
ranking and crowding distance of NSGAII is employed. Firstly, the individuals in the
merged population are hierarchically sorted using the Pareto dominance relationship to
identify the non-dominated solution set (also known as the Pareto front), which has reached
a relatively optimal state on multiple optimization objectives, and no other solution exists
that outperforms them on all objectives. Next, in order to select an equal number of
individuals from the non-dominated solution set as the initial population for the next
iteration, the crowding distance is used to evaluate the local crowding level of other
solutions surrounding each non-dominated solution, and individuals with lower density
will be retained. These selected individuals not only represent excellent solutions in the
current iteration but also maintain sufficient diversity. Afterwards, crossover, mutation,
and selection over hundreds or thousands of iterations drive the exploration towards a
better solution space.

4.4. Flatworm Manipulations

In contrast to Section 4.3, flatworm manipulations consist primarily of the processes of
growth, splitting, and regeneration of independent individuals. The working principles
of each process can be found in Holstein [63], Tseng [57], and Liang [58] and will not be
detailed here.

4.4.1. Growth

The growth operation is still only carried out for the first round of the production
sequence of encoded individuals, as shown in P1 of Figure 7. Assuming that the number of
PCs participating in growth does not exceed ten percent of the total number of PCs involved
in the first round of production sequence and is at least one. The first production sequence
in Figure 7 has a total of 8 PCs, so only one PC can participate in growth. Assuming that the
second 3# PC from left to right undergoes replication growth, since there is no production
priority relationship between the 8 PCs, then there is a total of seven theoretically available
for insertion of the 3# PC after growth. Here, it is assumed that the replicated 3# PC is
inserted before the second 1# PC from left to right. At this point, the growth process of
P1 comes to an end. It should be noted that the layout direction of self-replicating PCs
remains consistent with before. After the growth process, the first production sequence
of the encoded individual will always have ten percent more PCs than the original, so the
new encoded individual will no longer be a feasible production sequence, as it does not
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meet the order requirements. Also, because of this, the second and subsequent rounds of
production sequences will not undergo any repair operations temporarily after this process.

 
Figure 7. The flatworm growth process.

4.4.2. Splitting

The flatworm immediately undergoes the splitting process after growth. The splitting
points are all in the vicinity of that position where self-replication of the PC occurs, and
the sub-segments after the break can inherit and bond with the second and subsequent
production sequences, but the individual after bonding no longer fulfills the encoding
requirements. Figure 8 shows the splitting process after the growth of the individual in
Figure 7. The splitting point occurs on the left side of the self-replicating PC. After splitting,
the first round of the production sequence is cut into two parts; the left side is called the
head, and the right is called the body. There is a special situation that needs attention: if
the breakpoint in Figure 8 is on the right side, after the splitting, it will be found that there
are three 3# PCs on the left head, and its corresponding molds only have two sets, which
no longer meet the mold number constraint, this time we need to delete the redundant PC
elements randomly in the regeneration.

Figure 8. Splitting process after growth.

4.4.3. Regeneration

The fractured individual immediately starts the regeneration process, and the main
implementation steps are as follows.

Step 1: Confirm whether the PC element redundancy scenario described above oc-
curs. If so, the redundant PC elements will be randomly deleted until the mold quantity
constraint is satisfied.

Step 2: For each sub-segment, identify all the missing PC information based on the
order demand and the number of molds. Then, complete the missing PC information to
get a new first-round production sequence, which is called the regeneration segment.

Step 3: The second and subsequent rounds of the production sequence are patched,
and the process is the same as before and will not be described in detail.

The regeneration process is usually considered to occur instantaneously and is not
directly affected by the length of the encoded individual. After regeneration and repair, the
head and body segments in Figure 8 are shown in Figure 9.
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Figure 9. Regeneration process after splitting.

4.5. Tabu Mapping Mechanism

After the previous genetic and flatworm operations, an extremely rich production
sequence scheme has been generated, but it is also prone to causing duplicate search
problems in the production sequence schemes. Therefore, the Tabu mechanism derived
from the Tabu search algorithm is incorporated into GFA–Tabu, where the Tabu search
algorithm has already achieved great success in the fields of combinatorial optimization
and production scheduling [64]. The so-called Tabu is to prohibit the repetition of the
previous operation, which can improve search efficiency to a large extent. The traditional
Tabu search generally sets the encoded neighborhood transformation structure as the Tabu
object, such as the classical vehicle routing problem [65].

However, for the PC-PLO-MC problem, the storage structure of Tabu objects becomes
quite complex and redundant when the number of PC orders demanded reaches hundreds
or more. There are two very important operations in the PC-PLO-MC problem: one is the PC
production sequence in the encoding, and the other is the PC layout scheme, significantly
affected by the former. As shown in Figure 2, from the perspective of energy conservation,
a higher density of PC layout on the mold table implies less energy consumption. As
mentioned in Section 4.2, each mold table can usually only accommodate from four to six
PCs. If the combination of PC layout on the mold table is used as the Tabu object, and then
the production sequence can be easily deduced based on the order in which the PCs are
placed, the complexity of the storage structure of the Tabu object can be greatly reduced. In
other words, we record the Tabu object in the PC mold positioning process and map and
check the state of this Tabu object during the PC production sequence generation process,
which is called the Tabu mapping mechanism. Other parameters, such as Tabu length and
aspiration criteria, are consistent with the Tabu search. The workflow of the Tabu mapping
mechanism is shown in Algorithms 1 and 2.

5. Computational Experiments and Analysis
The GFA–Tabu algorithm was implemented in MATLAB 2021a and executed on a

Windows 11 system equipped with a 3.10 GHz Intel® Core™ i5-10500 processor and 8 GB
RAM. To comprehensively assess the performance of the GFA–Tabu algorithm in solving
the PSLO-PC-MRC problem, three PC production cases of different sizes are carefully
designed for validation.

It is worth noting that, despite researchers having accumulated considerable knowl-
edge in PC production planning and management, detailed size information about PCs
and their supporting molds is rarely mentioned in the existing literature. In view of
this, we adopted a multi-source strategy to construct the case studies: for the small- and
medium-scale test problems, we referred to the ‘Atlas of Truss-Reinforced Concrete Stacked
Slabs,’ authoritatively released in China, which ensured the professionalism of the data and
compliance with the industry standards. For the convenience of case design, the types and
related size data of PCs remain unchanged, with problem scale, both order demand and
mold quantity per PC type increase proportionally, but the mold resources do not exceed
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the PC order demand. Each type of PC size consists of two parts: the length and width of
the solid part for the PC cast by concrete, and the length of the steel bars extending from
the solid part in four directions.

Related literature shows NSGAII is most frequently adopted in multi-objective PC
production scheduling and management [66]. PSLO-PC-MRC is a multi-objective opti-
mization problem; therefore, we compare the performance of the proposed GFA–Tabu
with GFA, NSGAII, and the classical Tabu search (TS) algorithm. Meanwhile, to assess the
performance of the proposed weighted matching filling in PC mold positioning, GFA–Tabu,
GFA, NSGAII, and TS with WMF strategy were designed and compared with those without
WMF strategy, respectively.

These algorithms adopt disparate parameter sets and termination rules. GFA, GFA–
Tabu, and NSGAII involve the common computational parameter of population size,
whereas NSGAII additionally involves the crossover probability and mutation probability.
GFA, GFA–Tabu, and TS also include Tabu length and aspiration criteria. Except for the sub-
population partitioning ratio n in GFA and GFA–Tabu, all other parameters are determined
using analysis of variance based on equivalent scale cases from relevant literature [58,67].
The available values of p are 0.9, 0.7, and 0.5, respectively. At a significance level of 0.05,
the hypervolume [68] is used as the evaluation metric to perform analysis of variance on
cases of all sizes. The results indicate that hypervolume has a high significance when p is
0.7. All algorithms undergo five independent runs to ensure testing fairness and are forced
to terminate when a single run exceeds time T = |I|·∑I

i=1 di·Qi/10 (in seconds).

5.1. Small-Scale Case

The small-scale case is detailed on the left side of Table 2. There are 20 types with a
total of 60 PCs, and the number of molds is 28. The algorithm operates with a population
size of 60, a crossover rate of 0.7, and a mutation rate of 0.3. The Tabu length is set to half
the number of PC molds. The production results of PCs on the mold tables are detailed in
Table 3.

Table 2. Information on small-scale and medium-scale cases.

Precast
Component

Small-Scale
Case

Medium-Scale
Case 1

Medium-Scale
Case 2 Geometric Size (mm)

Mold
Quantity

Order
Demand

Mold
Quantity

Order
Demand

Mold
Quantity

Order
Demand Length Width Lleft Lright Ltop Lbottom

1# 1 3 2 5 3 7 2220 1020 150 150 90 90
2# 2 4 2 7 3 10 2340 1320 90 90 90 90
3# 1 3 2 4 3 5 2580 660 150 90 150 150
4# 2 4 3 5 4 8 2520 1500 150 150 150 150
5# 2 5 3 7 4 10 2940 1200 90 90 0 0
6# 2 4 3 5 4 7 3120 1700 0 0 150 150
7# 1 2 2 6 3 7 3240 1260 90 90 0 0
8# 2 3 3 4 4 8 3120 1260 150 150 150 150
9# 1 4 2 6 3 7 3420 1200 150 150 0 0
10# 1 2 2 3 3 5 3420 1320 150 150 90 90
11# 1 2 2 3 3 5 3840 900 90 90 150 150
12# 1 4 3 7 5 13 4020 1320 0 0 90 90
13# 2 3 3 8 3 9 4020 1260 150 150 0 0
14# 1 3 2 5 3 10 4140 1560 90 90 0 0
15# 1 2 2 5 3 7 4620 1050 0 0 0 150
16# 1 2 2 3 3 5 4440 1860 90 90 150 150
17# 2 3 3 5 4 7 4620 1460 150 150 150 150
18# 1 2 2 4 3 6 4920 1980 150 150 90 90
19# 2 3 3 5 4 6 5520 660 0 0 150 150
20# 1 2 2 3 3 5 5520 2160 150 150 0 0

https://doi.org/10.3390/buildings16050951

https://doi.org/10.3390/buildings16050951


Buildings 2026, 16, 951 19 of 31

Table 3. PCs production results on the mold tables for small cases.

Method No. PCs Production Results on the Mold Tables f 1 f 2 f 3

GFA–Tabu
with WMF 1 {6,6,5,8,12},{5,4,4,8,17},{20,10,19,1},{17,15,19,7,3},{13,13,14,16},{9,2,2,11,18},

{6,6,5,8,12},{5,4,4,17,10},{20,19,1,7,3},{15,13,14,16},{9,2,2,11,18},{5,12,1,14,9,3},{12,9} 691.56 12.4 236

2 {8,9,3,6},{6,13,12},{16,14,4},{4,7,20},{19,17,5,5},{19,17,2,2},{11,13,10,15},{18,1,8},
{8,9,3,6},{6,13,12},{16,14,4},{4,7,20},{19,17,5,5},{2,2,11,10},{15,18,1},{9,3,12},{14,5,1},{9,12} 721.56 11.23 284

3 {6,19,5,4},{4,3,15,11,5},{20,2,9},{8,1,18},{14,19,10,2},{13,7,6,13},{8,16,12},{17,17},
{6,19,5,4},{4,3,15,11,5},{20,2,9},{8,1,18},{14,13,10},{2,7,6,12},{16,17},{5,3,9,1},{14,12},{9,12} 721.56 10.95 294

4 {3,11,2,2,13,19,1},{4,4,13,6,9},{6,20,15,5},{17,16,19,5},{8,8,14,17},{10,18,7,12},
{3,11,2,2,13,19,1},{4,4,6,9,8},{6,20,15,5},{17,16,5,10},{14,18,7,12},{3,9,14,5,1,12},{9,12} 691.56 13.33 230

5 {3,11,2,2,13,19,1},{4,4,6,9,13},{6,20,15,5},{17,17,8,8},{16,14,19,5},{10,18,7,12},
{3,11,2,2,13,19,1},{4,4,6,9,8},{6,20,15,5},{17,16,5,10},{14,18,7,12},{3,9,14,5,1,12},{9,12} 691.56 13.35 228

GFA–Tabu 1 {6,6,5,8,12},{5,4,4,8,17},{20,10,19,1},{17,15,19,7,3},{13,13,14,16},{9,2,2,11,18},{6,6,5,8,12},
{5,4,4,17,10},{20,19,1,7,3},{15,13,14,16},{9,2,2,11,18},{5,12,1,14,9,3},{12,9} 691.56 12.4 236

2 {11,13,20,1,3},{5,5,17,7,9},{17,13,19,8},{18,19,8,4},{15,16,10,2,2},{4,6,6,14,12},{11,13,20,1,3},
{5,5,17,7,9},{18,19,8,4},{15,16,10,2,2},{4,6,6,14,12},{1,5,3,14,12,9},{12,9} 691.56 15.96 228

3 {4,4,19,9,5,3},{5,8,6,6,1,2},{11,20,2,10},{18,13,19,8},{15,13,14,17},{17,16,7,12},{4,4,19,9,5,3},
{5,8,6,6,1,2},{11,20,2,10},{18,13,15,14},{17,16,7,12},{9,5,1,3,14,12},{9,12} 691.56 13.55 232

GFA
with WMF 1 {7,6,8,8,1,2},{19,20,6,5},{18,14,19,5},{4,4,10,13,13},{16,3,15,9,11},{12,17,17,2},{7,6,8,19},

{20,6,1},{18,14,5},{5,4,4,10,13},{16,3,15,9,11},{12,17,2,2},{14,1,5,3},{12,9},{12,9} 703.56 19.64 252

2 {5,5,10,4,4,3},{16,9,17},{17,13,13,19},{8,8,15,12},{11,20,2,2},{7,6,14,1},{6,18,19},
{5,5,10,4,4,3},{16,9,17},{13,8,15,12},{11,20,2,2},{7,6,14,1},{6,18,19},{5,3,9,1},{12,14},{9,12} 709.56 16.33 256

3 {7,19,5,4},{4,3,15,11,5},{20,2,9},{8,1,18},{14,19,10,2},{13,6,13,8},{6,16,12},{17,17},{7,19,5,4},
{4,3,15,11,5},{20,2,9},{8,1,18},{14,13,10},{2,6,6,12},{16,17},{5,3,9,1},{14,12},{9,12} 721.56 12.2 290

4 {6,19,5,4},{4,3,15,11,5},{20,2,9},{8,1,18},{14,19,10,2},{13,7,6,13},{8,16,12},{17,17},{6,19,5,4},
{4,3,15,11,5},{20,2,9},{8,1,18},{14,13,10},{2,7,6,12},{16,17},{5,3,9,1},{14,12},{9,12} 721.56 10.95 294

GFA 1 {6,19,5,4},{4,3,15,11,5},{20,2,9},{8,1,18},{14,19,10,2},{13,7,6,13},{8,16,12},{17,17},{6,19,5,4},
{4,3,15,11,5},{20,2,9},{8,1,18},{14,13,10},{2,7,6,12},{16,17},{5,3,9,1},{14,12},{9,12} 697.56 14.64 244

2 {19,9,3,11,19,2},{14,17,17,5},{5,2,16,7,6},{6,18,15,10},{13,13,4,4,8},{8,20,1,12},{19,9,3,11,2},
{14,17,5,5,2},{16,7,6},{6,18,15,10},{13,4,4,8},{20,1,12},{9,3,14,5,1,12},{9,12} 697.56 16.13 238

3 {2,2,19,19,8,8},{6,6,15,4,4},{18,11,13,3},{20,13,9,10},{7,16,5,5,1},{17,17,14,12},{2,2,19,8,6},
{6,15,4,4},{18,11,13,3},{20,9,10},{7,16,5,5,1},{17,14,12},{9,5,3,1,14,12},{9,12} 697.56 18.4 236

NSGAII
with WMF 1 {9,11,10,15,19},{13,13,18,1,3},{17,17,7,6},{20,19,6,5},{12,16,5,2,2},{14,8,8,4,4},

{9,11,10,15,19},{13,18,1,7,3},{17,6,5,12},{20,6,5},{16,14,8},{4,4,2,2},{9,1,3,5},{12,14},{9,12} 703.56 19.51 252

2 {8,9,3,6},{6,13,12},{16,14,4},{4,7,20},{19,17,5,5},{19,17,2,2},{11,13,10,15},{18,1,8},{8,9,3,6},
{6,13,12},{16,14,4},{4,7,20},{19,17,5,5},{2,2,11,10},{15,18,1},{9,3,12},{14,5,1},{9,12} 721.56 11.23 284

3 {11,9,10,15,19},{13,13,18,1,3},{17,17,7,6},{20,19,6,5},{12,16,2,5,2},{14,8,8,4,4},
{11,9,10,15,19},{13,18,1,7,3},{17,6,5,12},{20,6,2},{16,5,14},{8,4,4,2},{9,1,3,5},{12,14},{9,12} 703.56 19.42 256

NSGAII 1 {17,13,19,2},{15,11,2,7,8},{9,13,8,1,4},{17,5,5,19,3},{18,10,6},{16,6,14},{20,4,12},{17,13,19,2},
{15,11,2,7,8},{9,1,4,5,5,3},{18,10,6},{16,6,14},{20,4,12},{9,1,5,3,14,12},{9,12} 703.56 13.08 260

2 {2,17,2,9,1},{18,8,6},{6,5,13,19,3},{13,8,17,5},{16,19,7,11},{20,15,12},{4,4,10,14},{2,17,2,9,1},
{18,8,6},{6,5,13,19,3},{5,16,7,15},{20,11,12},{4,4,10,14},{9,1,5,3,12,14},{9,12} 703.56 13.12 258

3 {17,3,8,19},{5,5,4,15,13},{11,14,4,2,2},{18,13,12},{20,8,10},{6,6,7,1,9},{16,17,19},{17,3,8,19},
{5,5,4,15,13},{11,14,4,2,2},{18,12,10},{20,6,7},{6,16,1,9},{3,5,14,12,1,9},{12,9} 703.56 13.16 256

TS
with WMF 1 {1,14,8,2,2},{20,10,5},{16,12,17},{17,5,19,6},{19,6,8,9},{4,4,15,7,11},{18,13,13,3},{1,14,8,2,2},

{20,10,5},{16,12,17},{5,19,6,6},{9,4,4,15,7},{18,11,13,3},{1,14,5,12,9,3},{12,9} 703.56 13.41 252

2 {1,6,14,6,8},{17,16,2,2,10},{20,19,5,12},{19,17,5,15,3},{8,4,4,9,7},{13,13,18,11},{1,6,14,6,8},
{17,16,2,2,10},{20,19,5,12},{5,15,4,4,9,3},{7,13,18,11},{1,14,5,12,9,3},{12,9} 691.56 18.65 238

TS 1 {11,7,17,6},{6,2,2,16},{12,13,1,19,3},{17,19,9,8},{18,14,13},{8,5,5,4,4},{10,15,20},{11,7,17,6},
{6,2,2,16},{12,13,1,19,3},{18,14,9},{8,5,5,4,4},{10,15,20},{12,1,14},{9,3,5},{12,9} 709.56 13.01 260

2 {15,4,1,19},{17,14,10},{2,7,20},{13,19,4,9},{16,6,8},{18,11,8},{17,5,5,3},{2,6,13,12},
{15,4,1,19},{17,14,10},{2,7,20},{13,4,9,8},{16,6,11},{18,5,5,3},{2,6,12},{1,14,9,5},{12,3},{9,12} 721.56 11.12 296

From Table 3, it can be intuitively seen that GFA–Tabu with WMF obtained five optimal
Pareto solutions, while other algorithms obtained relatively fewer. The average energy
consumption in all solutions is 704.81 kgce, the highest and lowest are 721.56 kgce and
691.56 kgce, respectively, and the lowest values are mainly concentrated in GFA–Tabu.
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From the quality of optimal Pareto solutions, the first solution by GFA–Tabu, the
fourth solution by GFA-WMF, and the second solution by NSGAII-WMF can all be found
in the solution obtained by GFA–Tabu with WMF. If observing carefully, we will find that
the solutions obtained by GFA–Tabu with WMF partially dominate the solutions obtained
by other algorithms, such as the fifth solution (691.56,13.35,228) by GFA–Tabu with WMF
dominating the second solution (691.56,15.96,228) and the third solution (691.56,13.55,232)
of GFA–Tabu. The first and second solutions by GFA–Tabu with WMF dominate the
third solution of NSGAII-WMF and the third solution of GFA-WMF. The two solutions
by TS-WMF and TS are dominated by the solutions in GFA–Tabu with WMF. All of these
demonstrate the effectiveness of the Tabu mechanism and the WMF method.

5.2. Medium-Scale Cases

The medium-sized cases are constructed based on the small-sized case, both of which
have 20 PCs, and the data are detailed in Table 2. The first case involves 100 PCs and
48 molds, while the second comprises 147 PCs and 68 molds. For these cases, the population
sizes are set to 80 and 100, respectively, with crossover and mutation probabilities fixed at
0.75 and 0.25. The Tabu length is set to half the number of molds of the respective cases.
After running, the best five optimal Pareto solutions were obtained for the two cases, as
shown in Tables 4 and 5.

Table 4. Results for the medium-sized case with 100 PCs.

Method No.
GFA–Tabu GFA NSGAII TS

f 1 f 2 f 3 f 1 f 2 f 3 f 1 f 2 f 3 f 1 f 2 f 3

WMF 1 1176.19 14.34 364 1164.19 16.47 358 1188.19 11.49 436 1164.19 15.99 362
2 1164.19 15.71 366 1164.19 16.52 354 1188.19 11.51 434 1164.19 15.88 368
3 1164.19 16.65 350 1170.19 15.52 356 1164.19 16.34 386 1176.19 13.46 388
4 1158.19 18.91 344 1176.19 14.49 386 1164.19 16.54 380 1176.19 13.67 378
5 1176.19 12.12 390 1176.19 13.72 398 1176.19 14.28 404 1176.19 12.77 390

No WMF 1 1188.19 10.67 446 1170.19 14.61 388 1170.19 15.67 374 1176.19 14.85 378
2 1188.19 11.1 444 1176.19 15.39 382 1188.19 11.78 466 1164.19 16.82 404
3 1188.19 12.29 426 1164.19 21.24 406 1164.19 17.01 390 1164.19 16.71 410
4 1170.19 16.12 390 1170.19 15.87 378 1170.19 15.77 370 1176.19 14.6 388
5 1188.19 12.27 428 1176.19 15.43 380 1188.19 13.92 438 1176.19 14.59 390

Table 5. Results for the medium-sized case with 147 PCs.

Method No.
GFA–Tabu GFA NSGAII TS

f 1 f 2 f 3 f 1 f 2 f 3 f 1 f 2 f 3 f 1 f 2 f 3

WMF 1 1740.13 18.13 472 1734.13 18.07 480 1746.13 10.53 498 1746.13 12.86 518
2 1770.13 8.66 600 1734.13 18.36 476 1752.13 9.4 556 1746.13 12.77 526
3 1734.13 18.07 480 1740.13 13.05 476 1746.13 11.29 490 1740.13 15.97 508
4 1740.13 13.05 476 1740.13 13.02 480 1746.13 11.14 494 1740.13 13.64 530
5 1740.13 10.12 500 1752.13 11.58 548 1740.13 11.98 502 1740.13 16.02 500

No
WMF 1 1740.13 13.05 476 1740.13 10.12 500 1770.13 8.66 600 1752.13 11.54 540

2 1734.13 18.51 474 1746.13 11.14 494 1746.13 13.06 550 1752.13 11.55 538
3 1740.13 13.02 480 1746.13 11.29 490 1752.13 11.4 560 1746.13 15.06 510
4 1752.13 11.58 548 1740.13 10.09 552 1764.13 11.04 610 1740.13 15.7 512
5 1740.13 12.82 490 1752.13 9.91 596 1752.13 11.29 562 1746.13 16.83 504

For the medium-sized case with 100 PCs, among all the production sequences and
layout schemes obtained by the algorithms in Table 4, GFA–Tabu has the smallest en-
ergy consumption of 1158.19 kgce, while the other algorithms have the smallest value
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of 1164.19 kgce. The upper half of Table 4 shows that each algorithm is embedded with
the WMF method, while the lower half does not have the WMF method. We find the
fact that the optimal Pareto solutions obtained by all four algorithms without the WMF
method are dominated by algorithms with the WMF method. For example, the fifth solution
(1176.19,12.12,390) by GFA–Tabu with WMF dominates the third solution (1188.19,12.29,426)
and the fifth solution (1188.19,12.27,428) of GFA–Tabu. The fifth solution by GFA with WMF
dominates the fifth solution of GFA, the first solution by NSGAII with WMF dominates the
second and fifth solutions of NSGAII, and the first solution by TS with WMF dominates
the second and third solutions of TS. This indicates that the proposed WMF method plays
a better role in guiding the layout of PCs onto the mold tables. Combining all the solutions,
we found that the solutions obtained by other algorithms are dominated by GFA–Tabu
with WMF. As shown in Table 4, except for GFA without WMF, the fifth solution of all other
algorithms is dominated by the fifth solution of GFA–Tabu with WMF, and there are also
cases where the solutions in GFA without WMF are dominated by GFA–Tabu with WMF.

The hypervolume convergence curve in Figure 10 also confirms the above conclusion,
and similar conclusions exist when the number of PCs in medium-sized cases grows to
147, as shown in Table 5, and will not be elaborated further. The results indicate that
the proposed GFA–Tabu with WMF outperforms all compared algorithms, proving the
effectiveness of the Tabu mechanism and WMF method.

(a) Hypervolume convergence curve of 100 PCs. 

(b) Hypervolume convergence curve of 147 PCs. 

Figure 10. Hypervolume convergence curve for medium-scale cases.
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5.3. Analysis of Computational Complexity

The computational complexity of the proposed algorithm is primarily analyzed
from two aspects. First, the complexity of the genetic operations is mainly constrained
by the number of optimization objectives and the population size, expressed as O
(objNum × n2) [56], where objNum denotes the number of simultaneously optimized
objectives. Second, the complexity of the flatworm operations—during the growth, split-
ting, and regeneration stages—is closely related to both the chromosome length and the
population size, expressed as O (objNum × chromLength), where chromLength represents
the chromosome encoding length. Therefore, overall, the computational complexity of the
proposed GFA–Tabu algorithm is O (objNum× n2) + O (objNum× chromLength) ≈ O (n2),
indicating that its computational complexity does not exceed that of the classical NSGA-II.

6. Large-Scale Application Case
6.1. Case Data

For the large-scale case, we directly obtained the production order data from a PC
manufacturer in Chengdu, Sichuan Province, thus enhancing the practicality and relevance
of the study. The order consists of 44 laminated floor slab variants, with an overall quantity
of 272 units and 95 mold configurations. The length and width of the solid part of each
type of PC, as well as the length of the steel bars extending in four directions, are described
in Table 6.

Table 6. Information on large-scale cases.

Precast
Component

Large-Scale Geometric Size (mm)

Mold Quantity Order Demand Length Width Lleft Lright Ltop Lbottom

1# 1 4 2260 795 150 90 150 150
2# 2 7 2260 2420 90 150 0 0
3# 4 8 2500 2205 0 0 150 90
4# 1 3 2320 2520 90 90 0 0
5# 3 11 2545 855 0 0 90 150
6# 2 8 2545 2180 0 0 90 150
7# 2 5 2545 2265 0 0 90 90
8# 1 4 2245 2340 150 150 90 90
9# 2 5 2665 1940 90 90 150 150

10# 2 4 2895 1720 0 0 90 150
11# 2 6 2655 2100 90 150 0 0
12# 2 6 2765 1820 90 90 0 0
13# 2 9 2645 1920 150 150 90 90
14# 3 8 3170 1800 0 0 150 150
15# 2 7 3645 1800 0 0 150 150
16# 2 4 3515 1800 90 90 150 150
17# 3 9 3565 1800 90 90 150 150
18# 2 6 3495 2240 150 150 0 0
19# 2 4 3665 1780 90 90 90 90
20# 3 10 3605 1860 90 150 150 90
21# 3 9 3630 1800 90 150 150 150
22# 2 6 3595 1860 150 150 150 90
23# 1 2 3680 1800 150 90 150 150
24# 2 5 3765 1515 90 90 90 90
25# 3 12 3645 1620 150 150 90 90
26# 1 4 3765 1800 90 90 150 150
27# 2 6 3790 1395 90 90 150 150
28# 1 3 3790 1500 90 90 150 150
29# 2 8 3730 1800 150 90 150 150
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Table 6. Cont.

Precast
Component

Large-Scale Geometric Size (mm)

Mold Quantity Order Demand Length Width Lleft Lright Ltop Lbottom

30# 2 3 3680 1900 150 150 90 90
31# 2 6 3680 1800 150 150 150 150
32# 2 7 3695 1800 150 150 150 150
33# 5 9 3840 2100 90 90 0 0
34# 5 10 3890 1860 90 90 150 90
35# 3 6 3915 1440 90 90 90 90
36# 1 3 3915 1920 90 90 90 90
37# 1 2 3965 1360 90 90 150 90
38# 2 5 3965 1920 90 90 90 90
39# 2 9 3895 1920 150 150 90 90
40# 1 3 3945 1860 150 150 150 90
41# 4 9 4305 1200 90 150 150 150
42# 1 3 4305 1280 90 150 90 150
43# 2 10 4305 1650 150 90 0 0
44# 2 4 4640 2100 90 90 0 0

6.2. Comparative Testing and Result Discussion

GFA, NSGAII, and TS are still selected for performance comparison with GFA–Tabu,
and the presence or absence of WMF methods will be integrated into each of the four al-
gorithms separately. The population sizes involved in all algorithms are all set to 160, the
crossover and mutation probabilities involved are set to 0.8 and 0.2, respectively, the Tabu
length is set to half of the number of PC types, which is set to 22, and the coefficient p for
dividing subpopulations is set to 0.7.

After each algorithm is run independently five times, the optimal Pareto solutions
obtained by all algorithms are merged to form a more comprehensive and diverse solution
set. Subsequently, the dominant relationship between these merged solutions is reevaluated,
and the newly obtained Pareto optimal solution is approximated as the true Pareto front of
the large-scale problem. On this basis, the hypervolume indexes of the solutions obtained
by each algorithm are calculated, and their distribution is shown in Figure 11, which can
intuitively reflect the coverage and degree of superiority of each algorithm in the solution
space. Overall, the obtained hypervolume mean values by all algorithms with WMF are
connected by red dashed lines, and it is clear that the mean values show a decreasing trend.
If the hypervolume mean values obtained by the algorithms with WMF from those without
WMF are viewed separately, they are roughly two parallel dashed lines. Moreover, each
algorithm with WMF has a higher hypervolume mean value than those without WMF,
which indicates the effectiveness of the WMF method. Looking at the four algorithms
on the left side of Figure 11 individually, their corresponding hypervolume means are
1.57 × 106, 1.38 × 106, 1.38 × 106, and 1.24 × 106, indicating that the proposed GFA–Tabu
performs the best in convergence and stability, while the GFA and NSGAII have comparable
performances, and TS has the worst performance.

The obtained optimal Pareto solutions by the algorithms with WMF from those without
WMF are depicted in Figure 12, which exhibits significant differences in spatial distribution.
In terms of energy consumption, GFA–Tabu with WMF successfully obtained optimal
Pareto solutions for twelve different energy consumption levels, in contrast to the other
algorithms, which only provide solutions for five to eight energy consumption levels. It is
noteworthy that GFA–Tabu with WMF, together with the other two algorithms, reached the
lowest energy consumption, which is 4039.17 kgce. Not only that, but GFA–Tabu with WMF
can also find solutions in relatively high energy consumption ranges, such as the two energy
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consumption points of 4099.17 kgce and 4105.17 kgce. Although these two solutions have
relatively high energy consumption, the fluctuation coefficients of mold table utilization in
the corresponding PC production sequence and layout scheme are relatively small, with
specific values of 12.87 and 13.04, respectively.

 

Figure 11. Hypervolume distributions of the tested algorithms.

6.3. Analysis of Mold Layout Schemes

To assist in the comparative analysis of PC mold layout alternatives for decision-
makers, Figure 13 presents the layout scheme when each objective is the smallest, obtained
by GFA–Tabu with WMF. The horizontal axis corresponds to the PC coverage area per
mold table, bounded by 40 m2 (10 m × 4 m), and the vertical axis reflects the total mold
tables utilized. Since the number of mold tables consumed in this case is all over 90, the
utilized mold tables are exhibited on the left and right sides in the figure. In Figure 12a,
89 mold tables are used, and the total energy consumption is 4039.17 kgce, of which the
process energy consumption and transportation energy consumption are 3505.2 kgce and
534 kgce, respectively. The lowest utilization rate is 22.02% on the 89th mold table, the
highest is 73.94% on the 36th mold table, the average utilization rate is 54.7%, and the
mold table utilization fluctuation coefficient is 21.34. The corresponding switching time
of mold tables and molds is 1298 min. In Figure 13b, 99 mold tables are used with a total
energy consumption of 4099.17 kgce. The lowest utilization rate is 15.46% on the 99th mold
table, and the highest is 59.52% on the 98th mold table, with an average utilization rate of
49.17% and a coefficient of fluctuation of the utilization rate of 12.87. The mold switching
time is 1524 min. In Figure 13c, 92 mold tables are used, with a total energy consumption
of 4057.17 kgce; the mold table utilization fluctuation coefficient is 26.08, and the mold
switching time is 1268 min.

Although the energy consumption in Figure 13a is the lowest, the mold table utilization
fluctuation coefficient is almost 40% higher than that in Figure 13b. Meanwhile, Figure 13b
has the least fluctuating mold table utilization but sacrifices as much as 256 min of mold
switching time compared to the scenario in Figure 13c. The result reveals that the key
factor affecting total energy consumption is the number of mold tables consumed to fulfill
PC order demand; that is, increasing the average utilization rate of mold tables to reduce
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their usage is beneficial for reducing PC production energy consumption. However, if
energy consumption is the sole consideration, we may observe large swings in mold table
utilization, which translate into workload differences across tables and serious disruptions
to line balance. Each option has its own advantages and disadvantages, and the PC
production manager can choose the preferred production sequence and layout plan based
on the actual situation of the workshop.
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(a) Layout scheme for minimum energy consumption. 

 
(b) Layout scheme for minimum fluctuation of mold table utilization rates. 
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(c) Layout scheme for minimum mold switching time. 
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Figure 13. Mold layout schemes by GFA–Tabu with WMF.

7. Conclusions
This paper proposes a model for optimizing the production sequencing and layout of

precast concrete components, which considers how to efficiently and reasonably allocate
PC to the mold tables in the actual situation where the number of molds is limited. Subse-
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quently, a multi-objective genetic flatworm algorithm with a Tabu mapping mechanism
is developed, and a rectangular interval selection method based on a weighted matching
filling strategy is designed to carry out the positioning of PC molds accurately to minimize
the total energy consumption, fluctuation coefficient of mold table utilization, and mold
switching time. To assess the performance of the model and algorithm, three types of cases
covering different scales are carefully constructed for testing. The results indicate that:

1. In the small-scale case, the proposed model achieved minimum values of 691.56 kgce
for production line energy consumption, 10.95 for the mold table utilization balance
coefficient, and 228 min for mold switching time. Compared to the control group
algorithms, the proposed GFA–Tabu algorithm with the weighted matching filling
method not only obtained an average of two additional Pareto-optimal solutions but
also demonstrated superior solution quality, with average reductions of 0.98 kgce, 2.54 in
balance coefficient, and 1.5 min in switching time across the three objectives, respectively.

2. For the two medium-scale cases involving 100 and 147 PCs, the proposed model
achieved minimum values of the three objectives at 1158.19 kgce, 12.12, 344 min,
and 1734.13 kgce, 8.66, and 472 min, respectively. Compared to the control group
algorithms, it achieved average reductions of 575.94 kgce, 3.46, and 130 min across
these objectives.

3. In the large-scale application case, the proposed model and algorithm exhibit a dual-
core advantage. Its average hypervolume performance metric reaches 1.57 × 106,
which is 10.48% higher than the second-best algorithm of NSGAII-WMF and repre-
sents improvements of 27.39% and 95.55% over the traditional GFA and TS algorithms,
respectively. In terms of stability, its coefficient of variation for hypervolume is 11.27%,
lower than that of GFA-WMF (16.44%) and GFA (25.79%), indicating strong robustness.

Therefore, the case study results consistently show that the proposed model and
algorithm effectively address the production sequence and layout optimization problem
for precast concrete components, providing decision-makers with efficient and practical
solutions for PC production.
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Notations
Indices
i, j Index of PC, i, j ∈ I
k Index of mold table, k ∈ K
s Index of the cycle that the PC mold is to be used, s ∈ S
t Index of rectangular interval, t ∈ RI
Parameters
I Set of categories of precast components
K Set of mold tables
S The set of cycles that the PCs mold needs to be used
RI A set of rectangular intervals on the mold table
L The length of the mold table
W The width of the mold table
P The total required quantity of all precast components, P = ∑i∈I di

li, lj The length of precast components i and j, i, j ∈ I
wi, wj The width of precast components i and j, i, j ∈ I
hi, hj The thickness of precast components i and j, i, j ∈ I

lk
i , wk

i , hk
i

The length, width, and thickness of the precast component i
on the kth mold table, i ∈ I, k ∈ K

ri, rj Direction of placed precast concrete components i and j, i, j ∈ I
Lt The length of the rectangular interval t, t ∈ RI
Wt The width of the rectangular interval t, t ∈ RI
Pis Number of molds of type I participated in the sth cycle layout, Pis ≥ 0
Qi Available quantity of mold i, Qi ≥ 0
di The order demand of PC i, di > 0
d Production spacing, d > 0
zip In a production sequence, if position p is component i, then zip = 1, otherwise zip = 0
Decision variables
xi, yi Positioning coordinates of the lower left corner of PC i on the mold table
ηk The utilization efficiency of the kth mold table
yk 1 if the kth mold table is utilized; 0 otherwise

zp
In a production sequence, if positions p and p-1 are different components,
then zp = 1, otherwise zp = 0

Indicator variables
w1 Unit energy consumption coefficient of PC in the hot curing process
w2 Unit energy consumption coefficient of PC in the other five processes
w3 Unit energy consumption coefficient of PC in transportation
w4 Switching time between two mold tables
w5 Mold adjustment time for two different PCs
α The weight of reinforced concrete per cubic meter for PC
β The weight of each mold table

λ0
A coefficient indicating whether the rectangular interval
can accommodate the current PC mold

λ1 Weight coefficient for the length ratio
λ2 Weight coefficient for the width ratio
λ3 Weight coefficient for the area ratio
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