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MULTI-OBJECTIVE SCHEDULING OPTIMIZATION OF
MARINE ELEVATOR ASSEMBLY USING AN IMPROVED
GENETIC ALGORITHM

Ruimei CI!, Yuhang ZHAQ?, Yifei TONG **, Xinye WU *

Marine elevator assembly in naval shipbuilding is a fixed-position process
with strict precedence constraints and strong reliance on skilled labor. Conventional
scheduling methods, based on manual experience, often lead to prolonged cycles,
unbalanced workloads, and inefficient resource use. This study develops a
comprehensive scheduling model that incorporates task precedence, resource
allocation, worker assignment, and cost considerations. To solve the model, an
improved dual-population genetic algorithm (DPGA) with integer encoding and
precedence-preserving operators is proposed. Linear fitness scaling and adaptive
weighting are applied to integrate multiple objectives, including cycle time, workload
balance, skill-task matching, and cost. A case study on a WQ-type marine elevator
validates the approach. Compared with manual scheduling and the standard GA, the
proposed method shortens the cycle from 48 to 45 days, improves workload balance,
raises skill-task matching above 76%, and reduces relative cost variance. The results
confirm that the method enhances efficiency, fairness, and cost reliability.

Keywords: Marine Elevator; Multi-objective Decision Making; Production
Scheduling Optimization; Genetic Algorithm

1. Introduction

In modern naval operations, the assembly of large-scale shipborne
equipment is a decisive factor affecting combat readiness, logistical efficiency, and
overall mission capability. Marine elevators, as a critical subsystem on warships,
are primarily used for the vertical transportation of ammunition, supplies, and
personnel across multiple decks. Their operational reliability directly impacts the
efficiency of weapons handling and the responsiveness of combat systems, making
them indispensable for sustaining naval missions.
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The assembly of military marine elevators presents unique challenges. Due
to their large structural dimensions and strict safety requirements, the assembly
process is conducted in a fixed-position mode rather than on a flow line. This mode
demands intensive manual operations, complex task dependencies, and the
coordination of limited resources under harsh naval construction environments.
Unlike mass-production assembly, where standardized takt times can guide
scheduling, naval elevator assembly requires flexible task allocation and precise
resource scheduling to ensure both quality and timeliness. Efficient scheduling is
therefore not only an engineering concern but also a strategic imperative to
guarantee the rapid deployment and operational readiness of naval forces.

Research on assembly scheduling has evolved significantly over the past
decades, with approaches ranging from classical optimization methods to advanced
intelligent algorithms. Traditional methods primarily rely on mathematical
programming techniques such as mixed-integer linear programming (MILP) [1],
branch-and-bound [2], and constraint programming [3]. While these methods can
produce exact solutions for small-scale problems, they often become
computationally infeasible for large, complex systems involving multiple
objectives and uncertainties. In naval equipment assembly, where tasks are highly
interdependent and resource constraints are stringent, exact optimization
approaches are rarely applicable in practice.

To overcome these limitations, heuristic and metaheuristic algorithms have
been widely investigated. Techniques such as simulated annealing (SA) [4], tabu
search (TS) [5], particle swarm optimization (PSO) [6], and genetic algorithms
(GA) [7] have shown strong capabilities in addressing large-scale combinatorial
scheduling problems. Among them, GA has been particularly popular for assembly
scheduling, workforce allocation, and resource optimization, due to its global
search ability and flexibility in handling nonlinear and multi-objective problems.
Recent advances include multi-objective evolutionary algorithms (e.g., NSGA-II)
and hybrid GA approaches that integrate problem-specific heuristics [8]. These
methods have achieved promising results in flow-line scheduling by reducing cycle
times, improving resource utilization, and balancing workloads.

Nevertheless, most of the existing studies are designed for flow-line
production settings with repetitive product structures and well-defined takt times
[9]. Fixed-position assembly, which is prevalent in naval shipbuilding, presents
fundamentally different challenges. Task durations are highly variable, parallel
workstations must be coordinated dynamically, and manual labor plays a dominant
role in determining quality. Despite its importance, relatively few studies have
specifically addressed scheduling in fixed-position assembly systems, particularly
in the context of integrating precedence constraints, resource availability, workload
balance, and skill-task matching into a unified optimization framework.
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To bridge this research gap, this paper develops a novel approach to the
scheduling of military marine elevator assembly. A comprehensive scheduling
model is established that explicitly incorporates precedence relations, resource
constraints, worker load balancing, and skill-task matching. Unlike conventional
flow-line models, this formulation captures the unique characteristics of fixed-
position naval assembly, where flexibility and coordination are critical. On this
basis, an improved dual-population genetic algorithm (DPGA) is proposed to solve
the multi-objective optimization problem. By combining exploration and
exploitation sub-populations, employing topology-preserving operators, and
adopting adaptive fitness scaling, the algorithm ensures feasible solutions and
robust convergence. The proposed method is validated through a real-world case
study of WQ-type naval elevator assembly, demonstrating its capability to reduce
cycle time, improve workload balance, and lower costs when compared with
manual scheduling and standard GA approaches.

2. Marine Elevator Assembly Scheduling Problem Description

The assembly of marine elevators is conducted in a fixed-position mode due
to their large structural dimensions and strict naval safety requirements [10]. Unlike
flow-line manufacturing, where products are transported across sequential
workstations, the marine elevator remains stationary during assembly, while
workers, tools, and equipment are mobilized around it [11]. This fixed-position
approach reflects standard practice in naval shipyards, where elevators are
integrated directly within the vessel hull. The process requires intensive manual
operations, precise alignment of structural parts, and coordination among multiple
teams working in parallel.

_ Wire Rope Gripper
Guide Wheel B _/ Traction Wheel
t < Traction Motor

Reduction Gearbox
Base

Electrical Control Cabinet

— Lifting Platform
Buffer

Counterweight Frame
Sliding Guide Shoe

Safety Clamp = JN
Counterweight / - Buffer Impact Block

I~ Lifting Platform Guide Rail

Counterweight Guide Shoe
Counterweight Guide Rail

Fig. 1. Main Structure of Marine Elevator



146 Ruimei Ci, Yuhang Zhao, Yifei Tong, Xinye Wu

The WQ-type marine elevator, used as the case study in this paper, consists
of several functional subsystems, including the shaft structure, safety doors,
electrical and control systems, hydraulic units, and the lifting platform. The
complete assembly cycle spans approximately 48 days, covering tasks from initial
inspection to final system testing. Individual tasks vary in duration from one to
fifteen days, and while some can be executed in parallel, many are subject to strict
precedence constraints.

Current assembly practice in naval shipyards reveals several inefficiencies.
Assembly sequencing is often adjusted in real time by supervisors based on
experience, rather than determined by a systematic optimization framework. As a
result, parallelizable operations are not fully exploited, and the overall cycle time is
extended. Resource allocation also lacks precision: although up to 15 workers are
typically available, their workload distribution is uneven, and skill differences are
rarely considered in task assignment. Additionally, critical tools such as cranes,
hoists, and measuring devices are limited in number, creating resource bottlenecks.

These challenges underscore the necessity of a formal scheduling model that
integrates precedence relations, resource constraints, and worker assignment. By
improving scheduling efficiency, it becomes possible to shorten the total assembly
cycle, balance workloads across workers, and reduce operational costs. More
importantly, for military shipbuilding, optimized marine elevator assembly
scheduling is a strategic requirement, as timely delivery of warships directly affects
naval combat readiness and mission capability.

3. Marine Elevator Assembly Scheduling Model Formulation

3.1 Precedence Relationship Model

The assembly of a marine elevator can be represented as a set of
interdependent tasks, each with a specific processing time. These tasks are subject
to precedence relations, meaning that certain tasks cannot start until their
predecessors are completed.

Fig. 2. Operation Priority Relationship Diagram
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Formally, let the set of tasks be denoted as E = {ey, €5, ..., €, }, where each
task e; has a processing time t;. The precedence constraints can be expressed using
a directed acyclic graph (as shown in figure 2), where nodes represent tasks and

edges represent precedence relations. The precedence matrix A = [aij]nxn is

defined as follows:
(D

This representation ensures that the scheduling process respects the logical
order of assembly.

a;; = 1, ; is the predecessor process of e;
a;j = 0,otherwise

3.2 Resource Model

Marine elevator assembly requires both equipment resources and human
resources. Let R = {ry, 1y, ...,1,,} denote the set of resource types, and N =
{ny,n,, ...,n,} the corresponding maximum available quantities. The resource
requirements of each task can be expressed by a demand matrix C = [ci ]-], where
c;j represents the demand of task e; for resource 7;. The resource constraints can be
formulated as:

i=1Cij - xij(t) <ny, Vr; ER 2)

where x;;(t) is a binary variable indicating whether task e; occupies

resource 71; at time ¢. This ensures that no resource is over-allocated at any time.

3.3 Assembly Scheduling Model
The assembly scheduling model integrates precedence and resource
constraints into a unified optimization framework. Let the start time of task ibe
denoted as S;, and its finish time as F;. The scheduling constraints can be defined
as follows.
Precedence constraint:
S;>F,v(i,j)€P (3)
where Prepresents the set of precedence relations among tasks. This ensures
that successor tasks cannot start until their predecessors are completed.
Resource capacity constraint:
Let x;; € {0,1}indicate whether task i is processed at discrete time slot t.
With resource demand d;,-and capacity R, for resource type 7, the resource capacity
constraint is expressed as
Yie1di xip <R, Vr ERVtET. (@)
Here, x;; = 1if t € [S;, F;)in the decoded schedule, and Ootherwise. This
formulation ensures that no resource is over-allocated at any time.
Chance-constrained form: Considering the variability of real shipyard
operations, task durations t;are modeled as stochastic variables following t; ~
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N (uy, 67), where p;represents the nominal duration and o;reflects environmental
or operational fluctuation.
Accordingly, the resource capacity constraint in Eq. (4) is reformulated as a
probabilistic constraint with a confidence level a:
PQi,dir xit <R,) > a,VrERVLET. 4)
During optimization, Monte Carlo sampling is integrated into the decoding
process to estimate the expected completion time and verify feasibility under
uncertainty, ensuring the robustness of the obtained schedule.
Parallel execution constraint: At most Ltasks can be executed in parallel
due to limited workstations and spatial restrictions:
Yiixy <L VLET. (5)
This constraint prevents spatial congestion during fixed-position assembly.
The objective of the model is to determine a feasible start—finish schedule {S;, F; }for
all tasks that satisfies the above constraints while minimizing total cycle time,
balancing workloads, and controlling costs.

3.4 Worker Assignment Model

Given the strong reliance on manual labor in marine elevator assembly,
worker assignment plays a decisive role. Let W = {w;,w,, ..., w,} be the set of
available workers. Each worker has an accumulated workload wt;, and the load
balance across workers can be measured by the variance of workloads:

1 2
$1 = [E5K, vt — ) ©)
where u is the average workload. A smaller Smoothness Index (S7) indicates
better load balance. Furthermore, a capability index CI is introduced to evaluate the
match between worker skills and assigned tasks, ensuring that tasks requiring
specialized skills are assigned to appropriately trained workers.

4. Solution for Marine Elevator Assembly Scheduling Based on
Genetic Algorithm

4.1 Genetic Algorithm and Proposed Improvements

GA is a population-based stochastic optimization method inspired by the
principles of natural selection and genetics. To address the complexity of marine
elevator assembly scheduling, the standard genetic algorithm is enhanced with
several tailored strategies. To ensure robustness against uncertainty in task
durations and resource fluctuations, the evaluation mechanism integrates stochastic
sampling during fitness computation, allowing each schedule to be assessed based
on its expected performance. First, a dual-population structure is adopted, where
one sub-population emphasizes global exploration to maintain diversity, while the
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other focuses on local exploitation to accelerate convergence. Periodic migration
between the two sub-populations allows information exchange and prevents
premature convergence.
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Fig.3. Flow of Dual-Population Genetic Algorithm

In addition, a precedence-based encoding scheme is employed to guarantee
that crossover and mutation operations always produce feasible schedules without
violating task precedence constraints. This topology-preserving mechanism ensures
the wvalidity of generated solutions throughout the evolutionary process.
Furthermore, since the scheduling problem involves multiple objectives such as
minimizing cycle time, balancing workloads, improving skill-task matching, and
controlling costs, adaptive weights are introduced to dynamically adjust the relative
importance of each objective during the search. Fitness scaling is also applied to
normalize objective values and avoid domination by any single criterion. These
improvements collectively enhance the algorithm’s ability to generate high-quality
and robust scheduling solutions.

4.2 Algorithm Framework

(1) Encoding: To identify optimal task sequences, integer encoding is
adopted for its simplicity and effectiveness [12]. As illustrated in Figure 4,
chromosomes are randomly generated based on the task precedence relationship
model. The initial population is created by assigning processes from left to right,
strictly adhering to the precedence constraints.
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l1]2]s5[8]9to]3]4]6]|7]11]12]13]14]15]17]16]18]

Fig. 4. Chromosome Encoding

(2) Decoding: Given the number of workstations / operating simultaneously
on the marine elevator, the assembly process set E = {e;|eq, €3, €3, ...,€,}, and
corresponding operation times T = {t;|ty,t,, t3,...,t,}, the detailed decoding
procedure is as follows: the decoding procedure begins by assigning processes
sequentially according to the gene sequence in the initialized population. For each
process e;, the algorithm checks whether both the task itself and its predecessors
have been scheduled, and then determines the latest completion time among
predecessors maxt,(efu, k). The workstation with the earliest completion time
min s ey, is identified, and the start time t;;, of process e; is set as the later of these
two values. Once the start time is fixed, the operation end time t;, is calculated, and
resource allocation constraints are verified; if they are not satisfied, the earliest
available workstation is excluded and the search is repeated until a feasible
allocation is found. For uncertain task durations, multiple realizations of {t;}are
sampled to evaluate expected completion time and feasibility under constraint (4").
The process is then assigned to the selected workstation and further allocated to the
worker with the least cumulative assembly time wt;, whose operation times are
recorded. This procedure continues until all tasks are scheduled, after which the
total assembly cycle time 7 is obtained.

(3) Fitness Functions

To evaluate the quality of scheduling solutions, four objective metrics are
designed to capture the efficiency, balance, capability, and cost of marine elevator
assembly.

First, assembly efficiency is measured by the ratio of effective working time
to the total cycle time, reflecting the utilization of available workstations:

l
fit, =n = 2= (7

where CT is the assembly cycle time, st is the total operation time at
workstation &, and / is the number of simultaneously active workstations.

Second, worker load balance is assessed using the S7, defined as the variance
in cumulative workloads among workers:

fit, =SI = (8)

where wt; is the cumulative assembly time of worker 7, and u is the average
workload. A smaller S7 indicates better load balance.

Third, skill-task matching is quantified through the Capability Index (CI),

which evaluates the degree to which tasks requiring specialized skills are assigned
to appropriately trained workers:

Z?:l(Wti_ |J—)2
n
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fity = Cl = o

j=1 Skm

9)

where wy; is the specialized task group of workers i, py; is the group of

process j, and sk, is the matching index defined as the reciprocal of total worker-
task assignments.

Fourth, assembly cost performance is measured by the Relative Cost
Variance (RCV), incorporating inventory cost and delay cost. Inventory cost is
defined as:

Cinv = Xiti " Si* ¢ (10)

Where t; is storage duration, s; storage area, and c; storage cost per unit
area and time. Delay cost is expressed as:

Caelay = €2 - max(0,T —d) (11)
where T is the actual completion time, d the delivery deadline, and c, the
unit penalty cost. Combining these, the RCV is given by:
fit, = RCV = = BCWP-ACWP _ BCWP-(Ciny+Caelay) (12)
BCWP BCWP
where ACWP is the actual cost of work performed and BCWP the budgeted

cost.
Since these objectives differ in scale and units, a linear scaling
transformation is applied to normalize the fitness values:
f'=af +b (13)
where a and b are determined by the maximum and average fitness in the
population, ensuring that superior individuals retain their advantage while avoiding
excessively large values. Finally, the multiple objectives are combined into a single
composite fitness function using the weighted sum method:
F =Yt \f, (14)
where f; is the normalized value of each objective and A; is its adaptive
weight. By dynamically adjusting these weights during the evolutionary process,
the algorithm maintains a balance among cycle time, workload distribution, skill-
task alignment, and cost performance.

(4) Selection:

To increase the probability of retaining high-performance chromosomes and
enhance global convergence, this study employs roulette wheel selection [13],
where selection probability is proportional to fitness values. For complex problems,
to prevent the loss of optimal solutions due to the stochastic nature of selection
operators, an elite strategy is integrated with the roulette wheel method. In the
selection process, given a population size Num Pop and fitness value f; of
individual i, the selection probability p; for individual i in the current population is:

fi

pi = STmPo (15)
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where p; represents the proportion of the roulette wheel area occupied by
individual i. The probability of being selected is proportional to this area. This
method can also be represented linearly, as shown in Figure 5. In the interval [0, 1],
each segment D; corresponds to the selection probability of individual i, with the
right endpoint of each segment representing the cumulative probability up to that
individual, satisfying: legﬂn” Pp.(i) = 1. During each selection operation, a
random number RAND € [0, 1] is generated as the pointer. If RAND falls within
interval D;, individual i is selected for the offspring population. This process repeats
until the offspring population reaches size Num_Pop.

| Dl | D2 | | D[ | | DNum_Pop

0 p pitp PitPa P Pt DNum_popel 1
Fig. 5. Individual Probability Intervals

(5) Crossover:

For the encoding scheme of marine elevator assembly scheduling, this study
employs Order Crossover, a two-point crossover method that exchanges gene
sequences between two chromosomes. This approach prevents gene conflicts while
ensuring that the resulting gene order remains a feasible solution satisfying
precedence constraints.

(6) Mutation:

To maintain solution feasibility in marine elevator assembly scheduling,
simple mutation operations like insertion or inversion cannot be used. Instead, the
search process must be confined to the feasible solution space to enhance algorithm
efficiency [14]. Therefore, for such combinatorial optimization problems, mutation
is performed using a method similar to the initial feasible solution generation. The
steps are as follows:

Step 1: Randomly select an integer from the interval [0, n-1] as the mutation
point. For example, suppose Position Mutation = 11. The gene sequence before the
mutation point remains unchanged, while the sequence after the mutation point is
rearranged. (See Fig. 6.)

Position_Mutation

A
[1]2]7]6]to]s]8]ofut]12]13]4]14]15]16]3 [17]18]

Fig. 6. Generating Chromosome Mutation Points
Step 2: Extract the partial precedence matrix from the full precedence matrix
A by removing the gene segment before the mutation point, retaining only the
precedence relationships for genes after the mutation point.
Step 3: From the precedence matrix definition, for a given j, if ;=0 for all
i, process e; has no predecessors and can be scheduled.
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Step 4: Randomly select a gene from the schedulable set and append it to
the previously scheduled gene segment.

Step 5: Update the precedence matrix and return to Step 3 until all genes are
allocated.

The mutation process produces a new offspring chromosome, as shown in
Fig. 7. To prevent local convergence, no competitive strategy is used during
crossover and mutation.
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Ch [1]2]7]6]10]5]8]9]1]12]13[14]15][ 4 [17]16] 3 [18]
romosome

Fig. 7. Offspring Chromosomes after Mutation Operation

(7) Population Migration:

In the multi-population genetic algorithm, each population evolves
independently. Information exchange is facilitated by introducing high-quality
individuals from other populations, particularly during the middle and late stages
of evolution. This approach enhances population diversity while accelerating the
elimination of low-performing individuals, thereby preventing inbreeding. The
migration process consists of two components: migration of elite individuals and
random exchange of other individuals

The best individual from each population is directly copied to the other
population. Then, Num_Exc individuals are selected from each population for
exchange, while the remaining individuals remain unchanged. For random
exchange, researchers often employ the golden section method [14]. Specifically,
the top 0.618 x Num_Pop chromosomes (ranked by fitness) are selected for roulette
wheel selection, from which 0.6187 x Num_Pop chromosomes are randomly chosen
for migration. These replace the lowest-fitness chromosomes in the other
population, forming a new population.

4.3 Implementation Framework and Computational Complexity

To facilitate real-world application in naval shipyards, the proposed DPGA
was implemented in MATLAB R2023a and Python 3.10 environments using
modular interfaces. Each component of the algorithm—including population
initialization, precedence-preserving crossover, adaptive mutation, and dual-
population migration—is encapsulated as an independent function, allowing
seamless integration with existing Manufacturing Execution Systems (MES) or
Enterprise Resource Planning (ERP) platforms. Through standardized data
exchange formats (CSV and XML), the scheduling results can be imported into
MES databases for visualization, resource tracking, and production adjustment.
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This modular structure simplifies practical deployment and supports interactive re-
scheduling when real-time feedback is available.

From the computational perspective, the overall time complexity of the
proposed DPGA is O(NG), where Ndenotes the population size and Gthe number
of generations. Since each individual evaluation involves deterministic decoding
and limited Monte Carlo sampling under constraint (4'), the algorithm remains
efficient for medium-scale assembly problems. Comparative experiments show that
convergence is typically achieved within 100 generations, corresponding to an
average runtime of less than 5 minutes on a workstation equipped with an Intel 17
CPU and 16 GB RAM. Therefore, the proposed scheduling approach achieves a
practical balance between algorithmic sophistication and industrial applicability.

Experiments were conducted on a workstation with Intel 17 CPU (3.4 GHz)
and 16 GB RAM. Each runtime represents the mean of five independent trials.

Table 1
Computational Performance and Convergence Comparison of DPGA
Feasibility
. . Avg. Avg. for
Algorithm Pop'ulatlon Generat Complexity Convegrgen Runt;gme Medium-
Size N ions G Order .
ce Gen. (min) Scale
Projects
Standard GA 100 100 ONG) 120 34 High
NSGA-II 100 100 O(NG?) 95 6.8 Moderate
Hybird PSO-GA 100 100 O(NG) 90 4.8 Moderate
Proposed GA 100 100 O(NG) 80 4.7 High

As shown in Table 1, although the proposed DPGA framework includes
several advanced features such as dual-population evolution and adaptive weighting,
its computational and implementation requirements remain moderate. The
algorithm was designed with modular operators that can be integrated into existing
scheduling systems using standard programming environments such as MATLAB
or Python. The total runtime for a complete optimization cycle on a workstation
with typical industrial configuration (Intel 17, 16 GB RAM) is under 5 minutes,
which is acceptable for practical shipyard planning. Therefore, the method
maintains a balance between algorithmic sophistication and engineering
applicability.

4.4 Experimental Setup

To validate the effectiveness of the proposed scheduling model and
algorithm, a case study is conducted on the assembly of a WQ-type marine elevator
used in naval vessels. The complete assembly process consists of 18 interdependent
tasks, covering the installation of the shaft structure, guide rails, lifting platform,
safety doors, hydraulic units, and control systems. The total baseline cycle is
approximately 48 days under manual scheduling. The precedence relations among
tasks are derived from the actual assembly workflow, and the resource demand
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matrix reflects the requirements for workers and key equipment such as cranes and
hoists. Each experimental run includes 50 stochastic samples for task durations,
ensuring statistically consistent evaluation of schedule robustness.

In the experiment, a total of 15 workers is considered, each with different
skill levels across mechanical, hydraulic, and electrical domains. The algorithm
parameters are set as follows: population size of 100 for each sub-population,
crossover probabilities of 0.8 (exploration) and 0.2 (exploitation), mutation
probabilities of 0.2 (exploration) and 0.05 (exploitation), and a maximum of 100
generations.

For fitness scaling, the control coefficient ccc is adaptively adjusted
according to both mutation probability and population evolution. A smaller ccc is
used in early generations to suppress dominant individuals and preserve diversity,
while a larger ccc is applied in later generations to strengthen the advantage of high-
quality solutions. To distinguish early and late stages, the population similarity

coefficient is introduced as follows:
EX+1

(16)
VDX

where EX and DX are the expectation and variance of population fitness.
Experimental observations show that for the exploration-oriented sub-population,
the inflection point appears at ¢=17.9 around generation 53, while for the
exploitation-oriented sub-population, the inflection occurs at ¢=35.5 around
generation 42. These thresholds are adopted as reference points for dynamically

adjusting the scaling coefficient c.
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4.5 Results and Evaluation

The improved genetic algorithm was applied to optimize the scheduling of
WQ-type marine elevator assembly under stochastic task durations, and results are
reported as expected values across simulation runs. The iterative process was
implemented in MATLAB R2023a, using the following input matrices: operation
time, precedence relationships, resource requirements and availability, worker
capabilities, process grouping, and unit-time material storage cost.

The optimization was performed for maximum simultaneous operations / =
4, 5, and 6, yielding the final schedules shown in Figure 10. In these figures, the x-
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axis represents simultaneously executable processes, the y-axis shows cumulative
operation time, work sequence progresses from bottom to top. Bars are annotated
with: left: process number and right: process duration.
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Fig.10. Scheduling Optimization Results
Through extensive optimization trials, it was found that under current
resource constraints and operation times, the maximum number of simultaneous
operations is /max=3. Optimal solutions can be obtained by setting /= 3. The

scheduling chart for the minimum assembly cycle T=45 days and the corresponding
worker allocation results are shown in Figures 11 and 12, where e;-j represents
operation number e; with duration ;.
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Fig. 11. Marine Elevator Assembly Scheduling



158 Ruimei Ci, Yuhang Zhao, Yifei Tong, Xinye Wu

Assembly
Personnel

1lel-3 e5-3 e9-1 e6-1 ell-3 el2-2 e7-4 el6-2
2lel-3 e5-3 e9-1 86-1 ell-3 el2-2 e7-4 el6-2
Mechanical 3 e3-3 e5-3 e9-1 &6-1 ell-3 el2-2 e7-4 el6-2
Group 4 e3-3 es5-3 e6-1 ell-3 el2-2 e7-4 el8-5
5 e3-3 es-3 e6-1 ell-3 el2-2 e7-4 el8-5
6 e3-3 e5-3 e6-1 ell-3 el2=2 e74 el8-5
7 ed-15 e8-3 el8-5
Rackcsl's ed-15 e8-3 el§-5
9lel-3 el0-3 e8-3 eli-leld-2 el7-4 el8-5
10 e2-15 el0-3 el7-4
11 e2-15 el0-3 el5-Zel6=2
Fomargip e2-15 €10-3 eld2  lel62
Group 13 e2-15 eli-leld-iel5-Zel6-2
14 e2-15 eli-1 els5-Zel7-4
15 e2-15 eld-iels-ZelT-4
0 5 10 15 20 25 30 35 40 45

Fig. 12. Operation Assignment Results of Assembly Personnel

The scheduling results yield the minimum assembly cycle T, cumulative
workload per worker (in days), capability index CI, and assembly process costs, as
shown in Table 2. The worker load balance rate SI is calculated and compared with
the pre-optimization assembly plan in Table 3:

The optimized schedule shortens the assembly cycle from 48 to 45 days,
achieving a 6.25% improvement while meeting delivery requirements. Worker load
balance is maintained below 1.39, ensuring traceable workload distribution and
preventing fatigue, with more than 76% of worker-task assignments matching
technical expertise, thereby enhancing proficiency and assembly quality. In terms
of cost, actual inventory expenses remain under the budgeted 6750, and since
delivery deadlines are met, delay costs remain zero. These results collectively
demonstrate that the proposed method achieves significant improvements in
efficiency, quality, and cost control for marine elevator assembly.

Table 2
Shortest Assembly Period and Cumulative Workload of Workers
I Each Worker's Cumulative Workload / Day
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
4146 (19 19 19 21 21 21 21 22 22 22 22 22 23 23 23
5(46 (21 21 21 23 19 19 23 23 19 23 22 22 22 21 21
614521 21 21 21 21 21 20 20 20 22 22 22 22 22 24
Table 3
Final Assembly Period and Worker Workload Balance Rate
/ Time Quality Cost
Assembly Period T / Day SI Cl Cinv Cdelay
4 46 1.0110 81.71% 5945.17 0
5 46 1.3984 76.83% 6261.37 0
6 45 1.3499 79.26% 5689.31 0

To further validate the effectiveness of the proposed DPGA, comparative
experiments were conducted against two representative metaheuristic algorithms:
the Non-dominated Sorting Genetic Algorithm II (NSGA-II) and a hybrid Particle
Swarm Optimization—Genetic Algorithm (PSO—GA). All algorithms were
implemented in the same MATLAB R2023a environment, using identical
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parameter settings for population size (N = 100) and maximum generations (G =
100). Each algorithm was executed five times under the same WQ-type marine
elevator dataset, and the average results were recorded.

Table 4
Comparative Performance of DPGA and Baseline Algorithms
Algorithm Assembly Cycle T SI CI RCV Avg. Runtime
Manual Scheduling 48 1.62 72.4 0.016 -

Standard GA 46 1.40 76.8 0.012 34
NSGA-II 46 1.41 77.8 0.011 6.8
Hybird PSO-GA 46 1.39 78.5 0.010 4.8
Proposed GA 45 1.35 79.3 0.009 4.7

Each value represents the mean of five independent runs under identical
parameter settings. Lower T, SI, and RCV indicate better performance; higher C/
indicates improved skill-task matching. The results in Table 4 show that the
proposed DPGA achieves the shortest average assembly cycle and the best overall
balance across all objectives. Although its runtime is slightly longer than that of the
standard GA, it remains lower than NSGA-II and hybrid PSO-GA, confirming its
computational efficiency. Therefore, DPGA maintains a favorable trade-off
between convergence speed, optimization quality, and practical feasibility for large-
scale fixed-position assembly scheduling.

5. Conclusions

This study addressed the scheduling problem of marine elevator assembly
in naval shipbuilding, a fixed-position process characterized by long cycles, strict
precedence constraints, and heavy reliance on skilled labor. A comprehensive
scheduling model was developed that integrates precedence relations, resource
allocation, worker assignment, and cost performance. To solve the model, an
improved DPGA with integer encoding and precedence-preserving operators was
proposed. The algorithm further incorporated fitness scaling and adaptive
weighting to balance multiple objectives, including cycle time, workload balance,
skill-task matching, and cost control.

A case study on the WQ-type naval marine elevator verified the
effectiveness of the proposed method. Compared with manual scheduling, the
DPGA significantly shortened the assembly cycle, improved workload balance,
enhanced skill-task alignment, and reduced cost variance. These results
demonstrate that the proposed approach can effectively improve the efficiency,
fairness, and reliability of fixed-position assembly scheduling.

The methodology has broader implications beyond marine elevators. It can
be applied to other fixed-position assembly systems in naval shipbuilding, such as
weapon modules, radar systems, and power units, supporting improvements in
overall shipbuilding efficiency and operational readiness. The proposed model
already incorporates stochastic task durations and probabilistic resource constraints,
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demonstrating its capability to generate robust schedules under uncertain shipyard
conditions.
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