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Abstract: In most cases, an assembly line with multi-manned configuration will increase
efficiency in productivity. However, the complexity of multi-manned assembly can sometimes lead
to bottlenecks rather than improvements in productivity. The smoothness index is a crucial
performance indicator in the assembly line balancing problem, as uneven smoothness can create
bottlenecks and disparities among workers; unfortunately, it is often neglected. This study
developed a model that represents the multi-manned assembly line balancing problem that
considers workload smoothing. Although an exact method may give the most optimal answer, due
to the NP hard nature of the problem, the exact method becomes infeasible as it will take time to
solve. Although in some cases, metaheuristic or hyper-heuristic methods may not guarantee the
best solution quality, a near optimal solution can be given in a more reasonable time. Data from
real-world cases of assembly lines and benchmark datasets were used to test the model and
examine the algorithm's performance. It was found that the hyper-heuristic method based on
simulated annealing could find an optimal solution for the number of workers and stations,
although it required a slightly longer computation time compared to pure metaheuristic methods.
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Introduction

The assembly line plays an important role in flow-line production systems. A well-designed assembly line
enables a company to produce standardized outputs in large quantities. In an assembly line, an unbalanced
distribution of workload can lead to imbalances in the production flow, as the entire line pace depends on the
station with the longest time [1]. This imbalance typically appears in the form of bottlenecks in the production
process. One of the most common impacts of bottlenecks is waiting at the subsequent station. Many severe
bottlenecks can negatively affect a company’s level of efficiency. To prevent or reduce the impact of bottlenecks,
manufacturers can adopt appropriate assembly-line configurations. Generally, assembly line configurations can
be categorized into three main types: simple, two-sided, and multi-manned assembly lines [2]. In a simple
assembly-line configuration, each workstation is assigned to a single worker. A two-sided assembly line allows
two workers to operate simultaneously at each workstation from opposite sides of the line. A multi-manned
assembly line is another type of assembly-line configuration in which one or more workers are assigned to a
single workstation depending on the station workload. In most cases, multi-manned assembly lines may have
advantages over simple assembly lines or two-sided assembly lines. These advantages may include shorter
assembly lines, smaller work-in-progress (WIP), and lower material handling costs. However, not all instances
can apply multi-manned assembly lines. The size of the product that is being assembled needs to be considered
so that operators do not block one another [3]. Another thing is that designing a multi-manned assembly line is
more complex than when designing or solving simple assembly-line balancing problems (ALBP). The complexity
1s due to the unavoidable idle time between operations in the workstations [4]. Several studies have addressed
the multi-manned ALBP.

Several studies have applied optimization techniques to multi-manned assembly line balancing problems
(MMALBP). To give the best optimal solution, exact methods can be employed to solve such optimization
problems. However, bor-hard nature of MMALBP, where the amount of computation increases exponentially
as the number of instances grows, resulting in a larger search space, most of the researcher’s used heuristic or
metaheuristic methods for optimizing such problems [2]. Some of the heuristic methods include largest
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candidate rule, Kilbridge and Wester, ranked positional weight method [5], relax-and-fix procedure [6], and
many more. Several metaheuristic algorithms that are usually used to solve ALBP are Simulated Annealing
(SA) [7], Ant Colony Optimization [8], and Particle Swarm Optimization [9].

Workload smoothing in assembly lines aims to assign workload to workstations evenly, help in planning
workforce, and to optimize the resources usage [10]. When designing or balancing an assembly line, workload
smoothing or smoothing index need to be considered because of reasons such as to increase production output,
establish a sense of equity among workers, reduce machine downtime, and reduce the risk of ergonomic issues
[11]. Workload smoothing itself has been extensively explored in the context of simple assembly lines. In a multi-
manned setting, workload smoothness is arguably even more critical; a fair task distribution balances idle time
among stations and mitigates the bottleneck effect.

Despite this, research addressing MMALBP with the secondary objective of minimizing the smoothness index
between workers remains underexplored. The problem domain of balancing multi-manned configurations has
been prominently explored by Pilati et al. [7]. Pilati et al. successfully optimized metrics such as line length,
station counts, and station-level smoothing, and solved it using mixed-integer linear programming and
standard simulated annealing. However, their model only analyzed station-level smoothing and did not delve
further to analyze worker-level stations. Ozbakir and Se¢me [12], on their research, introduced Simulated-
Annealing Based Hyper-Heuristic framework for assembly line balancing problem (ALBP). Due to how hyper-
heuristic algorithms operate at a higher level by managing low-level heuristics, on several studies that studied
NP-hard optimization problems, they can outperform regular metaheuristics and able to give near-optimal
solutions in reasonable computational times [13]. However, the assembly line balancing specific framework by
Ozbakir and Se¢me was only tested on parallel ALBP driven by a cost-based objective function. It has yet to be
tested on different types of assembly line configurations.

Table 1. Related research
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=
Roshani and Giglio [14] (6] (6] (6]
Sahin and Kellegoz [15] (6] O O (6]
Zhang et al. [16] (6] O O (6]
Pilati et al. [7] 0} O O 0} (0}
Hazir et al. [10] (0] (6] (0]
Dinler and Tural [17] (0] (6] (0]
Ozbakir and Secme [12] (0] Parallel Line Balancing (6] (0]
Muller and Bonilha [18] Dynamic Optimization (6] (0]
Muklason et al. [13] Transit Routing Problem (6] O
Current research (6] (6] (6] 0

Table 1. summarizes the related studies that have been conducted. While previous studies have investigated
MMALBP and the hyper-heuristic framework independently, a limited search has explored the application of
the hyper-heuristic framework to MMALBP with worker-level smoothing. We take the multi-manned problem
topology which was discussed by Pilati et al. [7] and solve it using a highly adaptive variant of the SA-HH
framework proposed by Ozbakir and Se¢me [12]. Using data from both real-world commercial assembly lines
and benchmark datasets, this study compares the performance of SA-HH against pure metaheuristics to
optimize the number of workstations, number of workers, and workload fairness, offering practical insights for
manufacturers.

The remainder of this paper outlines the research methodology and the data analysis procedures employed in
this study. Following this section, we will present and discuss the results obtained from the research. The paper
concludes by summarizing the main findings and providing recommendations for future research as well as
practical applications of the results.

Methods
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This research was conducted in four stages. First, a mathematical model that represents the multi-manned
assembly line problem was developed. Second, benchmark and real-world case-study datasets were collected
and prepared for processing. Third, the proposed Simulated Annealing Hyper-Heuristic and two other
metaheuristics, namely ACO and SA, were implemented to solve the mathematical model. Finally, the results
from the three algorithms were compared using several performance measurements, such as the number of
workers, smoothness index, and computational time.

Proposed Model

First, the problem in this research will take two functions, number of workers and workload smoothing, as its
objective functions. In this problem, the number of workers is solved first, and then the secondary objective is
solved. Eq. (2) in this study covers the objective of solving this problem. The equation can be separated into two
segments, the first one ; wy) corresponds to the minimization number of workers objective. The second part of
the equations corresponds to minimizing the smoothness index.

MinZ = 25 wg + € \/ZkEK(Wmax - Wk)z (1)

& in this model is sufficiently small number act as weighting factor, it is to make sure that the second part
remain as secondary objective and does not have much influence on the primary objective. In this paper, we will
define the € as 1x10-.

Subject to:
YsesXis =1 Vi €N 2
ZSES S XXxis = ZSES S X Xjs V(i,j) EP (3)
ZiEN aiXis < CT x ws, Vs € S (4)
Wy =m; Xx;; Vi EN,Vs €S (5)
Xis <Ys VSES (6)
Vs SWg <M Xy, VSES (7)
Wmax = Wk (8)
Decision Variables:
x;s € {0,1} )
zy, €{0,1} (10)
¥s € {0,1} (11)
we € {0,1,...,M} (12)
Where:
i,j = Index of tasks
s = Index of workstations
k = Index of workers
N = Set of all tasks
S = Set of all candidate workstations
K = Set of all workers
P = Set of precedence relations
wq = Number of workers assigned to stations-s
t; = Process time for task-i
CT = Cycle time
M = maximum number of workers per station
m; = Required number of manpower to perform task-i
Wiax = Maximum worker workload across all station (W,,,,,, = max(Wy))
W, =Total workload of worker-k (W, = Yy tiZix)
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a; = Workload total of task-i (a; = m; X t;)
€ = Balancing weight parameter
v, € {0,1} 1 if station-s is used;

0 if station-s not used
xis € {0,1} 1if task-i is assigned to station-s;
0 if task-i is not assigned to station-s
zy € {0,1} 1 if worker-k participates in task-i;
0 if worker-k did not participate in task-i

Equation (2) ensures that each task is assigned to only one workstation. Equation (3) guarantees that task
precedence and the order of operations are maintained. Equation (4) ensures that the workload assigned to each
station does not exceed its available capacity. Equation (5) verifies that the number of workers at each station
meets the required number necessary to perform specific tasks. Equation (6) confirms that tasks are assigned
only to active stations. Finally, Equation (7) ensures that the number of workers falls within the established
lower and upper limits.

Dataset

This study uses data obtained from real-world cases. Assembly data from the commercial HVAC assembly line
will be utilized. As previously explained, multi-manned configurations can only be applied to assembly lines
producing sufficiently large products. Therefore, a case study of large-capacity air conditioning unit assembly,
where unit sizes can reach approximately 3 m x 3 m x 2 m, is suitable for this kind of configuration. Data will
be collected through direct observation in the field and from existing documents. The data to be collected in this
study include the process time data for each task, the required manpower to perform said task, and the sequence
of the assembly process. The data presented in this study are publicly available in Sugiarta [19].

Alongside the dataset obtained from the real-world case study, benchmark datasets from Boysen et al. [20] will
also be included. These benchmark datasets will be used to evaluate the performance of both algorithms across
various problem sizes, ranging from small-scale (1 < N < 30) to medium scale (31 < N < 70) and large-scale
(N > 70) challenges. The benchmark datasets to be assessed include the Bowman (N = 8), Mitchell (N = 21),
Heskiaoff (N = 28), Sawyer (N = 30), Kilbridge (N = 45), Warnecke (N = 57), Tonge (N = 70), and Arc (N =
83), Lutz (N = 89), Barthold (N = 148) and Scholl (N = 297) problems. However, since the dataset only
provides task processing times and precedence relationships, additional parameters are necessary to execute
the proposed model. Several adjustments, including cycle time, minimum number of workers for each task, and
maximum number of workers per station are introduced under specific assumptions. For cycle time, it was set
to match the longest processing time for each problem to ensure that assignments are feasible. The minimum
number of workers is set to one, as the original data set was developed specifically for simple assembly problems.
It is important to note that this assumption does not eliminate the multi-worker aspect of the system, as
multiple workers can still be assigned to the same stations. Additionally, the maximum number of workers per
station has been determined based on the size of the problem. Given that the context of the dataset is unknown,
itis assumed that larger problems indicate more complex assembly lines, which can accommodate more workers
per station. Consequently, we have set the maximum number of workers as follows: For small-scale problems,
two workers are assigned to each station; for medium-scale problems, four workers; and for large-scale
problems, six workers.

Solving Algorithm

Dey defines Ant Colony Optimization (ACO) as a metaheuristic optimization method capable of solving
combinatorial optimization problems within an acceptable computational time [21]. Fattahi et al. [3] previously
researched the multi-manned ALBP problem using the ACO method. In their study, they evaluated 18 different
combinations of ACO parameters to determine their effectiveness in solving the problem. Table 2 shows the
optimal parameter combination identified for the multi-manned ALBP.

Simulated Annealing (SA) is an optimization method based on a concept from physics known as material
annealing, in which a material is heated and then gradually cooled [22]. The SA method begins at an initial
temperature, allowing the algorithm to explore the solution space. To avoid being trapped in local optima, the
algorithm may accept worse solutions with a certain acceptance probability, which is determined by the
temperature that decreases over time [23]. After completing one iteration, the temperature is reduced according
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to the cooling ratio. This process is repeated until the temperature reaches a final temperature. Pilati et al. [7]
conducted a study to optimize the multi-manned ALBP problem using the SA method. They identified a set of
parameters, as shown in Table 2, that yielded optimal results for the tested problems. This study adopts both
the ACO and SA methods with the same parameter settings as one of the benchmark approaches for
comparison.

Table 2. Previous research best parameter setting

ACO [3] SA [7]
Parameter Value Parameter Value
Pheromone influence () 0.25 Cooling ratio (A) 0.9
Heuristic influence (8) 1.00 Epoch Length (K) 50
Evaporation rate (p) 0.35 Initial Temperature (T;) 21°
Pheromone deposit constant (q) 1.00 Final Temperature (Tf) 1.5°
Number of ants 20.00 Probability of acceptance (XP) 15%
Number of iterations 80.00 Cycle time fraction of SI™™ (S) 3%

Simulated Annealing based Hyper-Heuristic (SA-HH) is search strategy that manages and selects sets of low-
level heuristic (LLH) on each iteration, or decoding, during the optimization process. Unlike regular
metaheuristics, which explore directly within the solution space, a hyper-heuristic approach operates at a higher
level by managing and selecting the LLH. The set of LLH is then responsible for constructing and exploring
candidate solution during the search process. Thus, rather than searching directly within solution space, the
hyper-heuristic searches within the space of heuristic combinations.

In the proposed SA-HH, Simulated Annealing acts as the high-level controller that determines the acceptance
and rejection of the sequence and combination of LLH used during the search process. Thus, the exploration of
the solution space is performed by the LLH, while the Simulated Annealing mechanism steers the search
towards the combinations of LLH that may give better results. The proposed method employs ten LLHs to
control task-selection decisions during solution construction. These heuristics consist of Longest Processing
Time (LLH1), Shortest Processing Time (LLH2), Maximum Number of Predecessor Tasks (LLH3), Minimum
Number of Predecessor Tasks (LLH4), Maximum Number of Successor Tasks (LLH5), Minimum Number of
Successor Tasks (LLH6) and Maximum Total Processing Time of Predecessor Task (LLH7) Minimum Total
Processing Time of Predecessor Task (LLHS8), Maximum Total Processing Time of Successor Tasks (LLH9), and
Minimum Total Processing Time of Successor Tasks (LLLH10). These ten LLLHs are chosen based on their simple

structures, adaptability for all types of assembly line, ease of implementation, and lower computation times
[12].

SA-HH Pseudocode:

Initialization
Construct AHS
Construct LLH vector
Generate initial solution
While Non-improved iteration < Max non-improved iteration:
a. Create a new LLH vector by making small changes (Swap).
b. Decode the vector into a new solution (adjacent solution).
c. Evaluate the new solution.
If the new solution is Better:
- Accept the adjacent solution.
- Positive update of heuristic rating.
- Update global best.
Else, check the Random Acceptance Ratio:
- If accepted, then:
* Accept the adjacent solution.
* Positive update of heuristic rating.
- If rejected, then:
* Reject the adjacent solution.
* Negative update of heuristic rating.
d. Update AHS rating, temperature, and iteration number.
Display Best Solution.
Finish
Figure 1. SA-HH Pseudocode
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Figure 1 shows the pseudocode of the SA-HH algorithm used in this experiment. The LLH is encoded in a rule
vector corresponding to one of the ten LLH. Each position in the rule vector represents a decision point during
the constructive decoding process. The LLH is then selected through the controlled Adaptive Heuristic Selection
(AHS) mechanism. A weight matrix is maintained in which each row corresponds to a decision position and
each column corresponds to an LLH. Initially, all heuristics are assigned equal weights. During the search
process, heuristics are selected probabilistically according to their weights. Whenever a generated solution
improves the incumbent best solution, the weights associated with the selected heuristics are rewarded with
positive points. A solution that is worse but accepted will also be rewarded with lower positive points. While
solution that is worse and rejected will receive a point deduction. This adaptive mechanism allows the algorithm
to gradually choose heuristics that demonstrate better performance during the search and encourage
exploration of the search space, thus helping to avoid becoming trapped in local optima.

In SA-HH, the neighborhood structure operates on the rule vector rather than directly on task assignments. A
new neighboring solution candidate is generated by making small changes to the rule vector. The rule vector
position is selected randomly and is mutated by replacing the current heuristic with another heuristic chosen
from the AHS matrix. The mutation size in this experiment is temperature-dependent, allowing larger
modifications during early stages and smaller modifications when the temperature is sufficiently low. The
resulting rule vector is used during the decoding process to select which task from the feasible task list to be
assigned to that position.

The decoding subprocess transforms a rule vector into a complete assembly-line solution through a COMSOAL-
like methodology. First, a new workstation is opened, and all feasible tasks whose precedence constraints have
been satisfied are listed. From the feasible task list, the task is ranked according to the LLH in the rule vector.
Candidate tasks are evaluated to check whether they violate the station or manning capacity. The highest-
ranked feasible task is assigned to the current workstation, after which the workstation workload, worker
requirements, and feasible task list are updated. This process is repeated until no additional task can be
assigned to the current workstation, after which a new workstation is opened, and the procedure continues. The
decoding is completed once all tasks have been assigned, which gives a complete assembly line configuration.
The complete configuration is then evaluated using the objective function. The pseudocode for the decoding
process is shown in Figure 2.

Initialization
While there are unassigned tasks Do
Open a new station
While current station is not full Do
1. Identify all feasible tasks
2. Read the next LLH heuristic from the vector
3. Rank feasible tasks and select the highest-rank
If selected task fits the station capacity Then
Assign task to the current station
If all tasks are assigned Then
Terminate and return the final solution
Else If another feasible task fits the station Then
Retry selection with the alternative task
Else
Mark the current station as full
Finish
Figure 2. Decoding pseudocode

Meanwhile, the acceptance strategy follows the Simulated Annealing (SA) framework. At each iteration, a new
candidate solution is generated and compared with the current solution. A represent the difference between the
objective values of the candidate solution and the current solution. If the candidate solution has a better objective
value, it is always accepted and becomes the new current solution. If the candidate solution is worse than the
current solution, it may still be accepted with a probability given by (P = exp(—A/T)), where T is the current
temperature. During the search, the temperature gradually reduced following its cooling ratio. We set the lower
bound for the temperature, so that the temperature will never go down below that value, which may result in
algorithm behaving greedily and trapped in local optimum. As the temperature decreases, the algorithm
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becomes more selective and increasingly focuses on improving solution quality. The search process will stop
once the search didn’t give any improvement best solution after 5,000 iterations.

Table 3. Parameter for SA-HH

Parameter SA-HH
. - A
Initial temperature Auto calibrated (T(PO))
Target acceptance 95%
Final temperature T < 1x107°
Probability of acceptance exp(—A/T)

Because all the tested algorithms are stochastic optimization methods, their search and final solutions may vary
across different executions due to the use of pseudo-random processes. To ensure reproducibility, each run was
executed independently using ten predefined random seeds: 18432, 59103, 72814, 11905, 88172, 44211, 90124,
33781, 77502, and 66219. These seed values were randomly selected as fixed integers for initializing the pseudo-
random number generator. To ensure fair comparisons, all three algorithms will be executed with the same set
of seeds. In this paper, we limit the number of random seeds for each instance to 10 seeds, as it is considered to
provide enough variety while keeping the total computing time practical.

Evaluation

The results from the optimization will then be evaluated and compared between algorithms to see which gives
the best results. The evaluation matrix that will be compared in this study includes the total number of workers,
total number of working stations, smoothness index between workers, value from multi-manned ALBP with
smoothness index objective function, and computation time. The total number of workers is the total number of
workers stationed among all open stations (wg). In the model formulation, the total number of workers is
presented as shown in Eq. (13).

s Ws 13)

Workload smoothing or smoothness index refers to how even work is distributed among workstations. A lower
smoothness index value indicates a more uniform balance between stations. To calculate workload smoothing
between workers, we use Eq. (14). Eq. (14). represents the workload variance among workers, where W are the
total average workload of worker k and W, is the maximum workload across all the stations.

Z(Wmax - Wk)z (14)

The objective function value is derived from the value used as the objective of the problem being discussed. The
primary objective is to minimize the number of workers. Among the results with the same primary objective
value, the smoothness index is used as a tiebreaker to select the best task distribution combination. To calculate
the objective function value, Eq. (1) can be used. Lastly, computation time is how long it takes for the algorithm
to reach the best solution that it can find

Results and Discussions

In this section, the algorithm results between the current or existing assembly line configuration used by the
company are presented. All the algorithms were developed in Python that ran on a 64-bit Windows PC, with an
AMD Ryzen 7 9800X3D (8 Core; 4.7 GHz) CPU and 32.0 GB of RAM.

Parameter Calibration

Parameter calibration was conducted beforehand to determine the influence of the SA-HH parameter on the
solution quality. Three parameters were selected for evaluation: cooling factor, epoch length, and reward
mechanism. The cooling factor controls the rate at which the temperature decreases during the annealing
process. Larger values result in slower cooling, allowing the algorithm to maintain exploration for a longer
period. Meanwhile, smaller cooling values mean more focus on the exploitation stage as it tries to quickly move
from exploration. Four cooling factors were tested: 0.90, 0.95, 0.97, and 0.99. The epoch length determines the
number of neighbourhood evaluations performed before the temperature is updated. A larger epoch allows for
a more intensive search at each temperature level, where a smaller epoch enables more frequent temperature
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adjustments. However, as the epoch becomes larger, the search also becomes more intensive, resulting in a
computational time that may increase as well. Epoch lengths of 10, 75, and 150 were tested. The reward
mechanism affects the heuristic selection probabilities within the hyper-heuristic frameworks. Three reward
configurations representing different learning reinforcements were tested. The first configuration applied a
weak reinforcement strategy, where better solution, worse solution but accepted, and worse selection but
rejected, were rewarded 1, 0.3, -0.2, respectively. Stronger levels of reinforcement strategy, 5, 1.5, -1, and 10, 3,
-2, were also tested.

Combining the four cooling factors, three epoch lengths, and three reward configurations resulted in a total of
36 parameter combinations. Each combination was evaluated through multiple independent runs on three
chosen benchmark datasets representing small to large-scale problems, and the resulting solution quality and
computational performance were compared to identify the most suitable parameter settings for each benchmark
instance. Result of the parameter testing can be seen on Table 4. For both the small and large datasets, the
primary objective value, which is the number of workers, remained the same across all tests. However, the
medium-scale problem highlighted a clear trade-off behaviour between the primary and secondary objective
based on parameter tuning. In several configurations, such as cooling ratio 0.97, epoch 10, and reward of 10, 3,
-2, the algorithm achieved its lowest smoothness index but did so at the expense of the primary objective
requiring 31 workers instead of 30. Because of the way the problem is modelled, the algorithm should prioritize
worker optimization before smoothness optimization. In the case of the algorithm prioritizing smoothness
optimization instead, it represents a case where the instance is trapped in a local optimum.

Table 4. Parameter tuning result

Mitchell Warnecke Barthold

A Epoch Reward Time Time Time
z st (second) z St (second) z st (second)

090 10 1,0.3,-0.29.00006 6.164 1.309 30.00180 179.989  9.289 15.00632 631.794 121.368
090 10 5,1.5,-1 9.00014 14.248 1.134 30.00263 262.633 9.808 15.00665 665.408 50.260
0.90 10 10, 3, -2 9.00006 6.164 2.571 30.00230 230.404 5.683 15.00639 638.797 62.253
0.90 75 1,0.3,-0.29.00008 8.185 1.184 30.00217 216.596 15.498 15.00649 649.149 64.716
090 75 5,1.5,-1 9.00009 8.660 0.843 30.00210 209.833 9.697 15.00613 613.339 54.340
0.90 75 10, 3,-2 9.00006 6.164 2.737 30.00282 282.276 11.236 15.00667 666.504 72.500
0.90 150 1,0.3,-0.29.00014 14.248 1.885 31.00138 137.732 6.787 15.00594 593.630 66.622
090 150 5,1.5,-1 9.00006 6.164 1.814 30.00182 182.499 7.672 15.00650 649.813 63.442
0.90 150 10, 3,-2 9.00006 6.164 2.489 30.00230 229.648 13.161 15.00632 631.657 62.744
0.95 10 1,0.3,-0.29.00014 14.248 1.369 30.00312 312.170 14.370 15.00665 665.131 46.887
095 10 5,1.5,-1 9.00014 14.248 1.134 31.00150 150.043 5.934 15.00649 648.757 64.524
095 10 10, 3, -2 9.00006 6.164 2.620 30.00171 170.874 17.383 15.00636 635.716 53.242
0.95 75 1,0.3,-0.29.00006 6.164 1.296 30.00155 155.016  8.898 15.00580 580.085 84.874
095 75 5,1.5,-1 9.00006 6.325 1.870 30.00173 172.841 11.920 15.00634 634.132 78.262
095 75 10, 3, -2 9.00008 8.307 0.948 31.00131 130.694 9.470 15.00687 687.015 66.471
0.95 150 1,0.3,-0.29.00006 6.164 1.533 30.00215 214.513 7.051 15.00692 691.576 59.301
0.95 150 5,1.5,-1 9.00014 14.248 1.123 30.00173 172.662 10.958 15.00667 666.562 87.195
095 150 10,3,-2 9.00014 14.248 1.204 30.00175 175.317 7.811 15.00603 603.214 92.305
097 10 1,0.3,-0.29.00006 6.164 1.288 30.00229 229.024 8.166 15.00652 652.175 93.234
0.97 10 5,1.5,-1 9.00014 14.248 1.144 30.00162 162.241 9.477 15.00669 669.375 95.969
0.97 10 10, 3,-2 9.00014 14.248 1.218 31.00129 129.395 13.054 15.00683 683.144 84.510
097 75 1,0.3,-0.29.00006 6.164 1.233 30.00161 161.146 14.492 15.00656 656.443 59.507
097 75 5,1.5,-1 9.00014 14.248 1.125 30.00228 227.987 11.597 15.00634 633.698 79.779
097 75 10, 3, -2 9.00014 14.248 1.196 30.00171 171.038 18.670 15.00633 632.945 108.495
0.97 150 1,0.3,-0.29.00009 8.775 1.028 30.00206 205.879 11.094 15.00694 693.628 52.996
097 150 5,1.5,-1 9.00014 14.177 1.434 30.00166 165.517 11.011 15.00694 694.243 57.026
0.97 150 10,3,-2 9.00014 14.248 1.211 30.00206 205.869 7.189 15.00655 655.276 88.898
0.99 10 1,0.3,-0.29.00014 14.248 1.750 30.00235 234.768 10.764 15.00669 669.388 76.824
099 10 5,1.5,-1 9.00008 8.307 1.416 30.00214 214.210 14.758 15.00633 632.988 110.939
099 10 10, 3, -2 9.00008 8.307 1.003 30.00180 180.427 11.957 15.00643 643.030 47.714
099 75 1,0.3,-0.29.00006 6.164 1.501 30.00174 173.603 9.316 15.00670 669.877 64.537
099 75 5,1.5,-1 9.00014 14.248 1.144 30.00183 183.396 7.460 15.00678 677.939 47.161
099 75 10, 3,-2 9.00014 14.248 1.216 30.00246 246.183 9.132 15.00597 597.080 63.285
0.99 150 1,0.3,-0.29.00014 14.248 1.739 30.00214 213.659 6.442 15.00655 655.361 59.601
0.99 150 5,1.5,-1 9.00009 8.66025 0.9482 30.00229 229.399 8578 15.00624 623.701 78.744
0.99 150 10,3,-2 9.00014 14.248 1.217 30.00170 169.765 19.385 15.00581 581.096 82.325
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To achieve near-true optimal balance, the parameter must allow and balance exploration and exploitation
during the search process. The results of parameter tuning show that the configuration of cooling ratio (A) =
0.95, Epoch = 75, and Reward = 1, 0.3, —0.2 consistently produced high-quality solutions across the Mitchell,
Warnecke, and Barthold datasets. This configuration generated the best objective values for the medium- and
large-scale benchmarks while remaining highly competitive on the small-scale benchmark. Thus, this
combination of setting parameter was used for all SA-HH executed in this paper.

Table 5. Result comparison table

¢ ACO SA SA-HH (Proposed model)
M . Computation Computation
No Dataset N (se- 7 w SI QOmputatlon 7 w. SI ’II‘)ime 7 w. SI ’II‘)ime
cond) s Time (second) s s
(second) (second)
1 Bowman 8 17 2 5000122 5 12.25 0.049 5.000073 5 7.35 0.044 5.000073 5 7.35 0.241
2 Mitchell 21 13 2 9.000253 9 25.27 0.189 9.000130 9 1298 0.150 9.000062 9 6.16 1.210
3 Heskiaoff 28 116 2 10.000025 10 246.20 0.423 10.000006 10 57.78 0.327 10.000005 10 51.34 1.919
4 Sawyer 30 25 2 14000639 14 63.86 0.402 14.000236 14 23.57 0.315 14.000187 14 18.65 3.321
5 Kilbridge 45 55 4 11.000994 11 99.42 0.812 11.000593 11 59.31 0.642 11.000436 11 43.65 3.171
6 Warnecke 57 53 4 31.002600 31 259.96 1.430 30.002195 30 219.50 1.153 30.001550 30 155.02 8.984
7 Tonge 70 294 4 23000065 23 653.55 2.030 23.000045 23 446.09 1.661 23.000034 23 344.05 9.848
8 Arcus 83 3691 6 21.131740 21 13174.03 2.5562 21.068480 21 6848.02 2.056 21.063291 21 6329.14 9.154
9 Lutz 89 10 6 49.000720 49  72.00 3.305 49.000507 49 50.72 2.563 49.000419 49 41.86 17.071
10 Barthold 148 383 6 15011628 15 1162.80 12.988 15007072 15 707.19 10.320 15.005801 15 580.08 84.874
11 Scholl 297 1386 6 51.092151 51 9215.11 78.245 51.055816 51 5581.63 64.225 51.042964 51 429642  528.664

Table 6. Optimized worker’s workload distribution

No Parameter Current Condition ACO SA SA-HH
1 Total Worker 19 8 8 8
2 Total Station 12 3 3 3
3 Smoothness Index 1,504.09 642.316 562.686 538.126
4 Line Efficiency 48.37% 88.21% 88.21% 88.21%
5 Computational time (second) - 1.1498 1.0139 5.477

Table 7. Workload allocation after optimization

. Task Load
Station Worker ACO SA SA-HH ACO SA SAHH
1 1,40,4,6,12,24,9,25,15, 17,48 1,2,40,6, 12, 15, 24, 47, 25, 17,46,28 89,40,4,6, 13, 15,25, 8,26, 17,28, 10 805 845 859
1 2 1.8,5,7,13,827,25,26 46,28  1,3.5,7, 13,8, 24, 27, 26, 18, 10 1,3,5,12, 14, 24, 25,8, 9, 18, 46 45 161 782
3 39,2,6,12, 94 8, 14,47,16,18,29  39,4,6,12,14,8,9,25,16,48, 10  1,2,6,12,7, 24,47, 16,27, 48, 10 907 814 779
1 10,11,32,23,22,35,36,37,44 11,29, 20,23, 33, 35, 42, 38, 45 11, 20, 21, 29, 30, 32, 37, 44 894 840 825
9 2 10,80, 19, 23, 33, 35, 36, 42 11,30, 21, 22, 34, 31, 36, 43, 49 11,23, 22, 34, 35, 36, 31, 38 89 793 818
3 11,80,20,21, 34 31,41, 44 19, 30, 23, 32, 35, 41, 36, 37, 50 19, 23, 33, 30, 35, 36, 44 738 875 865
1 38 45,50, 52, 54, 56, 57, 58 44,51, 53, 55, 56, 58 43,45, 50, 51, 53, 55, 56, 58 5% 430 450
3 9 43 49,51, 53, 55, 56, 58 44, 52, 54, 56, 57, 58 41,49, 42, 52, 54, 56, 57, 58 420 570 550
3 - - - - - -
Benchmark Result

Table 5 shows a comparison of the performance of the three methods tested, namely, ACO, SA, and SA-HH. The
methods were evaluated using several datasets, which are intended to represent their performance when
applied to problems ranging from small-scale to large-scale. Although the three methods able to achieved
1dentical solutions in terms of the primary objective, SA-HH produced lower smoothness-index values compared
to the others. Lower smoothing-index values, that SA-HH able to achieve indicate that SA-HH able to give
solution with more balanced workload distribution among the workers.

However, the improvement in solution quality achieved by the SA-HH method comes at the cost of increased
computational time. Based on the results in Table 5, the SA method has the fastest average computational time,
at 7.587 seconds. This is faster than the ACO method, which requires an average of 9.311 seconds, or
approximately 22.7% longer than SA. Meanwhile, the SA-HH method requires the longest average
computational time, at 60.769 seconds, or approximately 701% longer than the fastest method.

As can be seen from Figure 3., due to the nature of the problem (NP-hard), all three methods show an
exponential growth trend in computational time as the problem size increases. For smaller problem sizes, the
increase in computational time is relatively low. However, as the problem grows larger, a steep increase in the
curve can be observed. In the problem, a steep increment can be seen particularly in problems where the size is
beyond 80. Among the three methods tested however, SA-HH shows the highest growth.
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Figure 3. Computational time trend relative to problem size (N)

Next, the algorithm was applied to the case study problem, which the full data can be found in the data
availability section of this paper. Unlike the benchmark dataset, for this problem, we set the available
production time or takt time as the cycle time input for the model. By using takt time as the cycle time input,
optimization should provide an overview of how to set up the assembly line to achieve the daily unit production
target in the most efficient way. The current initial condition was 30 units per day or approximately 840 seconds
to assemble one unit. Furthermore, for this problem, we set the minimum number of workers for each task
following the actual conditions, where some light works were assigned to only one worker, whereas tasks
requiring greater physical effort were assigned to two or more workers. Finally, due to the space availability of
the assembly line, the maximum number of workers on each station was set to four workers.

Algorithm Performance

Figure 4 presents the convergence behavior of the proposed SA-HH algorithm. The convergence curve shown is
based on a randomly selected Kilbridge benchmark dataset. Although only one convergence curve is presented,
all benchmark instances exhibited a similar convergence pattern. It can be observed that the objective value
decreases rapidly during the early iterations, this behavior indicates that the algorithm is able to quickly
1dentify promising regions of the search space. Subsequently, the solution remains relatively stable for a number
of iterations until another better solutions are obtained. This behavior demonstrates a desirable balance
between exploration and exploitation. The early rapid improvements indicate effective exploration of the
solution space, whereas the later part reflects the capability of the AHS mechanism to exploit promising
research regions to further improve the quality of the solution obtained.
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Figure 4. Convergence curves of SA-HH

As can be seen on Table 5. SA-HH able to consistently achieve a better solution across all tested dataset. In
smaller problems, standard SA can navigate the limited solution space as effectively. However, when faced with
problems with larger solution spaces, such as problems with larger tasks, standard metaheuristics often become
trapped within local optima. SA-HH able to overcome this scalability issue due to how it searches the space of
heuristic combinations rather than the solution space itself. Where instead of swapping individual tasks
between stations, SA-HH searches across the permutation of the rule vector. This search method allows the
algorithm to evaluate each task assignment from multiple operational perspectives, such as processing times,
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predecessor dependencies, and successor dependencies, which was indicated by the low-level heuristic that
composed the rule vector. This flexibility allows the algorithm to easily escape the local optima that may trap
standard metaheuristics.

However, a trade-off in computational time should be expected for the SA-HH algorithm. As shown in Figure 4,
the difference in the computational time between the SA-HH and other metaheuristics is particularly distinct
in larger-scale problems. This increase occurs because of how the SA-HH operates. Rather than relying on a
simple direct permutation and evaluation, SA-HH requires two steps of algorithmic overhead. At each iteration,
AHS need to update the matrix based on the performance score. After the AHS matrix is updated, the decoder
must construct the entire line layout again, task by task, while checking precedence matrices and capacity at
every single decision point. For larger-scale problems, which involve a greater number of possible task
assignment combinations, the time it takes to run both algorithmic overheads will accumulate throughout the
iterations. This accumulation ultimately results in longer computational times for hyper-heuristic methods
compared to metaheuristic methods.

Table 8. LLH frequencies in the SA-HH final iteration for each problem instance
Dataset LLH1 LLH2 LLH3 LLH4 LLH5 LLH6 LLH7 LLH8 LLH9 LLHI10

Bowman 0 0 1 1 1 0 1 2 1 1
Mitchell 0 2 4 3 2 3 2 2 3 0
Heskiaoff 1 4 5 2 4 1 3 2 2 4
Sawyer 2 3 6 1 3 3 2 3 4 3
Kilbridge 6 4 2 6 7 3 4 4 4 5
Warnecke 6 7 4 5 5 3 5 6 12 5
Tonge 11 5 5 6 7 3 10 8 5 10
Arc 8 16 7 10 11 3 9 2 9 8
Lutz 6 12 9 5 7 10 9 14 8 9
Barthold 19 17 11 8 18 14 14 18 18 11
Scholl 37 34 25 31 30 26 33 24 30 27

Table 8 presents the final distribution of each LLLH selected by the AHS mechanism at the end of each
benchmark instance run. The results indicate that no single LLH dominates all problem instances. A closer
examination of the most frequently selected LLH for each dataset reveals that the preferred heuristic varies
across problem instances. Through a reward mechanism, the AHS mechanism dynamically increases the
selection probability of heuristics that demonstrate better performance for a particular dataset. This adaptive
behavior suggests that different problem sizes and structures might benefit from different search strategies and
combinations. This sequence-dependent flexibility prevents the decoding process from becoming trapped in local
optimum, ultimately contributes to the robustness and effectiveness of proposed SA-HH model in achieving
better smoothing index across all problem scales.

Practical Implications

Table 6. shows the workload distribution obtained by the three optimization methods while Table 7. Shows how
the task is distributed between workers. As can be seen by the graph in Figure 5, graph profiles from the ACO
are the most fluctuated when compared to results from SA and SA-HH. The pronounced peak and valleys on
the graph shown indicate that the workload is concentrated on a limited number of workers, while others
remain underutilized. The patterns are consistent with the smoothness of the index value achieved by each
method. The ACO with the highest smoothness index exhibited the largest fluctuations across workers. SA
achieved a better smoothness index compared to ACO, thus showing better fluctuations. However, when
comparing SA and SA-HH, both methods achieved smoothness index values that differed only marginally.
Because the smoothness index values achieved differed only slightly, the graphs of both SA and SA-HH were
slightly similar in terms of the peaks and valleys. These results show that the performance pattern obtained is
consistent with previous testing on the 11 benchmark datasets, where SA-HH provides the best results in terms
of the smoothing index, followed by SA and ACO.

The real-world case study results highly emphasize the practical value of the SA-HH algorithm to solve multi-
manned ALBP with worker-level smoothing. While all three algorithms able to solve the same MMALBP
problem, their performance, however, varies from one another. ACO, as can be seen in Figure 5. and Table 6.,
struggles to properly balance the secondary objective with the primary objective. All while the other tested
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algorithm performs a bit more equally, with SA-HH achieving better results. In actual implementation, a
slightly unbalanced workload distribution may create a bottleneck. Especially in a multi-manned context,
station output speed is restricted by its heavily burdened operator. Therefore, when comparing the algorithm,
SA-HH with a smoother graph profile should be able to create fewer bottlenecks because of how the algorithm
performs better when distributing the task with the smallest number of workers while maintaining the
smoothness index. Proving the superiority of the proposed SA-HH model for the problem addressed in this
study.
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Figure 5. Workload distribution between three methods

However, in terms of computational time, SA yields the fastest results, followed by ACO, and lastly, SA-HH. In
the context of the case study data, a solution method that provides the best objective results is more preferable.
This is due to the nature of the assembly line design, which is typically carried out at the initial stage and does
not undergo frequent changes in the short term. Changes in the assembly line configuration would require
extensive adjustments within the existing production system, including the reallocation of tasks across
workstations, adaptation of operators’ working methods, and modifications to the workstations. These
adjustments require considerable time, cost, and coordination efforts. Therefore, the trade-off between achieving
a better configuration and slightly longer computational time is still considered acceptable.

The proposed workload balancing approach may provide several benefits from human factors. One of the
primary advantages of an assembly line with a lower smoothness index is the creation of a fair workload
distribution among workers along the assembly line. In an assembly line, where the operator-level workload
smoothing is not a primary concern, one or more operators may be assigned to a substantially heavier workload
than other workers. This may lead to the perception of unfairness and dissatisfaction, and in long term, it may
finally reduce the motivation of the workers. By balancing the workload across stations and workers, the
proposed approach may help to ensure that no worker is consistently required to perform significantly more or
less workload than others.

Several practical challenges should also be considered during implementation. First, improvement in labor
utilization, such as that achieved through workload balancing, may result in reduced workforce requirements.
From an organizational point of view, this is a good thing; however, from the workers perspective, this is often
associated with layoffs. However, this is not always true, as organizations may address this by reallocating
workers to support other production activities or by increasing the overall production capacity. Therefore,
creating a win-win situation between the workers and organization, where workers get to keep their jobs while
the organization may increase their production capacity. Second, operators may perceive changes in workload
after balancing is done. This is generally not an issue for workers who were previously assigned higher
workloads. However, this may become an issue for workers who previously had lighter workloads. These
changes may potentially create resistance among workers, from workers who are not able to keep up with the
new target or who are reluctant to accept increased responsibilities. To facilitate a smoother transition,
strategies such as phased implementation, training, and incentive systems may be implemented. Phased
implementation allows operators to gradually adapt to the revised workload. Organizations should also provide
training to ensure that their operators are prepared for their new task assignments and responsibilities. In
addition, performance-based incentives may be introduced to recognize worker contributions and maintain
motivation once the expected performance levels have been achieved.

Limitations

Despite the results obtained, we acknowledge several limitations to provide context for the interpretation. First,
data-related assumptions. In our study, we assumed that task times are deterministic and that all workers have
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1dentical skill levels. We did not account for potential time variations caused by factors such as skill
inconsistency, fatigue, learning curves, or operator heterogeneity. Regarding task sequencing, the precedence
constraints we established only reflect the order of operations and do not consider the spatial feasibility of each
process. Second, the proposed SA-HH method has only been validated on a limited dataset. Its performance has
not yet been tested on assembly lines with different configurations, such as mixed-model, U-shaped, or other
layouts. Finally, ergonomic risk factors, worker fatigue, and workload assessment were not explicitly
incorporated into the mathematical model. Therefore, the ergonomic and human-factor implications discussed
in this study should only be interpreted as potential benefits.

Conclusions

This study is designed to solve the multi-manned ALBP while considering workload smoothing as a secondary
objective, and to see how much improvement can be achieved through the optimization. In this study, we
compare two metaheuristic methods, ACO and SA, with a metaheuristic-based hyper-heuristic method, SA-
HH, as optimization approaches for solving the problem. The first finding is that when the methods are tested
on 11 datasets ranging from small-scale to large-scale problems, SA-HH is able to provide the best objective
values compared to the two metaheuristic methods. However, when computational time is considered, among
the three methods tested, SA is able to obtain the objective value in the shortest time. Although SA-HH has the
most optimal objective value z, the time required to achieve this result is relatively long compared to the SA
method. Similar findings were also obtained when the three algorithms were applied to the case study dataset.
The SA-HH method was able to produce the lowest smoothness index. However, the computational time
required by SA-HH was significantly longer than that of both SA and ACO. Therefore, the use of hyper-heuristic
methods in optimization problems can be adjusted according to specific needs. For instance, in the case study
considered, achieving a more optimal result with a slightly longer computational time is not a major concern.
This is because the problem of being optimized, namely assembly line balancing, does not require frequent or
rapid changes, given the associated costs, the need for operator training, and the required adaptation processes.
Future work could extend the tested model by incorporating stochastic or fuzzy takt time to account for the
uncertainty and variability in human performance. Incorporating spatial, ergonomic, and safety-related
constraints would also enhance the realism and complexity of multi-worker configurations. In addition, adaptive
hyperparameter tuning techniques can be explored to enable the algorithm to automatically adjust its
parameters for different problem scales and operational conditions, which would improve its flexibility and
robustness across diverse scenarios.
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