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Abstract of Dissertation 
 
 

Evaluation of Attrition Response Strategies in Manual Assembly Production 
Systems 

 
In low-rate manual assembly production systems, workforce turnover is a critical point of 

uncertainty that complicates production planning and system control. This research 

models response strategies to attrition in Python with a PuLP optimization to evaluate 

two main options: optimization-based rebalancing (reoptimization) and backfilling. 

Attrition is modeled stochastically within a discrete-event simulation to demonstrate its 

continued impact over time, while a learning methodology is included to show worker 

performance as system memory. 

The methodology evaluates two strategies across 525 benchmark instances taking 

consideration of attrition rates, team sizing, individual and aggregated task learning, and 

efficiency. The result is that reoptimizing the assembly line will consistently improve 

cost performance and efficiency over time by up to 6%, especially in small teams. This 

performance margin decreases to 1-2% on larger teams where backfilling can preserve 

the benefits on task-specific learning and minimize system disruption. The analysis 

demonstrates that the worker attrition creates persistent, nonlinear productivity losses that 

extend outside the scope static assembly line balancing and assignment models, where 

workforce attrition and task learning over time are not explicitly incorporated. There are 

dynamic extensions in the literature but rarely integrate stochastic attrition and task 

learning to establish a decision-support analysis. 

While reoptimizing the assembly line is robust and provides better performance, the 

value requires more accurate predictions of attrition percent and stability, which are 

critical data points for relative benefit over backfilling. The results of the research show 

that workforce assignment under uncertainty, due task-specific learning where worker 
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productivity improves with experience and stochastic workforce attrition which removes 

that experience, can be reframed for decision-support analysis because of the links among 

system performance, attrition, and managerial judgment. Therefore, enabling decision 

makers to determine when reoptimization is appropriate, whether backfill is sufficient, 

and whether there is a performance benefit to justify the investments required for 

advancement in attrition forecasting or the selective process automation for the 

production system.  
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1. Introduction 

1.1 Manual Assembly in Low-Rate Manufacturing 

Manual assembly systems are manufacturing systems where the human workers are the 

primary system resource and the performance, measured by throughput, labor hours, and 

efficiency, is defined by the interactions between the tasks, workforce capability, and the 

policies set by management (Boysen et al., 2008; Gershwin, 2002; Hopp & Spearman, 

2011). As human workers are the primary processing resource there exists inherent 

variation in the production system due to workers’ evolving capabilities, availability, and 

attrition that is not easily modeled with single-period optimization methods. This inherent 

variability (Gershwin, 2002; Hopp & Spearman, 2011; Wright, 1936) is more pronounced 

in low-rate manual assembly as there is limited redundancy (Hopp & Spearman, 2011), 

less opportunity for cross-training (Askin & Goldberg, 2001; Boysen et al., 2008), and 

longer planning horizons, which impact the system performance in both the short-term 

and long-term (Gershwin, 2002). Manual assembly can be found in the defense and 

aerospace manufacturing sectors that are positioned in the low production volume and 

high-customization of the product-process matrix (Achmadi et al., 2023; Hayes & 

Wheelwright, 1979; Hopp & Spearman, 2011). They also play a large part in medical 

device manufacturing, where regulatory requirements, customization, and design 

complexity frequently require human-centric, flexible assembly systems. In the low 

production volume (or low-rate), high-customization quadrant of the product-process 

matrix, automating the assembly process is often difficult to justify because the large 

investment required which drives payback timelines typically longer than production 

horizons (Gershwin, 2002; Hopp & Spearman, 2011).  

Manual assembly processes rely on human workers to perform tasks such as structural 

work, electrical routing and assembly, functional and system testing (Peña et al., 2022). 
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Performance in these areas is determined by the individual skill at that domain; workers 

improve their performance through task exposure and experience accumulation. The 

more familiar the worker becomes with the task or similar-type tasks, the more efficient 

and capable the worker becomes (Anzanello & Fogliatto, 2011). Unlike the automated 

manufacturing lines where the variability is mechanical, in manual assembly there exists 

some inherent variability due to the different experience and skill levels of the workforce. 

To reduce that variability and gain stable performance measures, manual assembly often 

rely on specialists, which is a worker who is concentrated on limited set of subtasks 

which results in lower task completion times, to perform the work statement. These 

specialists have the detailed knowledge of the domain, performing with high quality but 

limited flexibility to fill-in across domains. This definition aligns with prior studies which 

contrast skill specialization in assembly systems (Marentette et al., 2009). When there is 

workforce disruption, specifically daily absenteeism, the system impact can be significant 

because it is not easy to backfill for critical tasks. Increasing that flexibility leads to 

reliance on non-specialized (Jack of all Trades) workers. These generalists can fill-in 

across domains to support where and when needed but do not have the performance 

levels of the specialists (Gräßler et al., 2021). When there is workforce disruption the 

system impact is less of a short-term impact, as the flexible workforce can cover critical 

tasks, but becomes a long-term impact as there is missed opportunity for workers’ 

learning. High performing, low variable manual assembly requires consistent workforce 

where capability can improve over time.  

1.2 Workforce Disruptions 

The performance of the system relies on the capability of the workers to efficiently 

complete the assigned tasks. When disruption occurs, there is a shock to this capability. 

There are recent labor trends that highlight this issue of disruption, with many of the 
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manufacturing sectors reporting attrition rates exceeding 2% (Bureau of Labor Statistics 

Data, n.d.). The attrition rates create constant skill gaps and forces management into 

reactive decisions when the task assignment emerges. In low-rate manufacturing systems, 

this attrition is more impactful as there are fewer workers in the system. This sector 

seeing consistent separations averaging 3.5% since the beginning of 2023 (How to 

Improve Employee Retention in the Manufacturing Industry., n.d.; JOLTS Home, n.d.). 

Fewer workers and lower rates mean fewer opportunities to effective cross-train which 

leads to less redundancy between workers and tasks and increases the impact of this 

disruption on the system. 

Attrition is a consistent disruption to the system. When a worker leaves they immediately 

remove accumulated task-specific learning and human capital from the assembly line, 

impacting both productivity and disrupting the established team dynamics (Becker, 1962; 

O’Connell & Kung, 2007; Wright, 1936). The replacement of the worker that has exited 

the system restarts the learning curve of the replacement worker on those tasks which has 

impact to both short-term and long-term performance measures and delivery. The 

flexibility of the system after the attrition can be buffered against by the system having 

generalist workers that can fill in as necessary, or by providing cross-training which will 

reduce some of the burden but both cases will extend the learning tail of the system 

(Özcan et al., 2022). Regardless of the response to the attrition, the productivity loss 

experienced by the system is nonlinear and persistent. 

Government and educational sectors are collaborating to address the skilled labor 

shortage reducing the impact across the industry. Tailored training programs, 

apprenticeships, and vocational initiatives can be used to pull from to fill skill gaps and 

ensure a sustainable workforce (Karp, n.d.; Robotics, n.d.). Optimizing worker 

assignment and line balancing is critical, particularly in low-rate manufacturing where 

variability and availability of worker skills and processes exacerbate production 



 4 

challenges (Peña et al., 2022). Managers must reactively respond to the attrition 

disruption either by backfilling the gaps in the system or redistributing the workload both 

of which create temporary inefficiencies in the system (Peltokorpi & Niemi, 2019). There 

currently is not any formal decision-support for this decision-making process, as there are 

long-term and short-term benefits for both strategies. 

1.3 Extensions of Assembly Line Models and Research Strategy 

Traditional optimization models, such as the Assembly Line Balancing Problem (ALBP) 

and its skill-based extension, the Assembly Line Worker Assignment and Balancing 

Problem (ALWABP), typically assume static task times and workers (Borba & Ritt, 

2013). Due to this, there is limited flexibility of these models to respond to disruption 

events such as attrition or skill loss. These problems typically focus on single-period 

optimization. The resulting models assume that the line balancing stays optimized 

regardless of the length of the planning horizon (Sotskov, 2023). 

This research addresses gaps through the introduction of a simulation-supported attrition 

strategy that explicitly models attrition rates, learning curves, and cross-training. The 

research compares the reoptimization and backfill strategies over the course of a 100-unit 

production run. The 525 independent scenarios (benchmark instances) are modified to 

include stochastic labor events and skill-based task requirements. The study provides 

insight into the reoptimization strategy and if the backfilling of workers is sufficient to 

continue production. The study contributes a practical, human-aware approach to 

sustaining throughput in volatile, low-rate assembly systems. 

This research develops an approach to dynamically align worker assignments with 

assembly tasks, especially under high turnover conditions. The proposed research method 

assigns tasks to minimize disruptions caused by learning curves and attrition, while 

measuring stability and efficiency of the manufacturing system through a discrete-event 
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simulation. A mixed-integer linear program (MILP), coded in PuLP for python with a 

Gurobi solver, is called during the simulation to rebalance task assignments when 

attrition occurs. These results offer decision support for when reoptimization is necessary 

and when backfill strategy will suffice. The research evaluates the expected performance 

of the two competing strategies in workforce management and interprets the results 

through decision support analysis. The focus of the research is the structure of the 

decision, and not the algorithmic detail, thus focusing on the uncertainty, performance, 

and the cost of the strategies. 
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2. Literature Review 

2.1 Manual Assembly Production Systems 

2.1.1 The Human-Centric Challenge in Modern Production Systems 

While there is significant progress in automation, autonomation, and artificial intelligence 

in manufacturing spaces, there remains a critical requirement for manual assembly in 

many manufacturing environments and is a significant component of the U.S. 

manufacturing base (Gershwin, 2018).  Specifically, industries with low production rates, 

highly specialized products, or engineered products with tight tolerances (aerospace, 

medical device production, defense/space manufacturing, etc.) rely on human workers for 

tasks requiring dexterity and flexibility (Karp, n.d.). Human labor is not a legacy artifact 

in manufacturing but a necessity for many production systems to accommodate the 

complexity and customization of advanced products (Waldman-Brown, n.d.). As of 

August 2025, there were nearly 13 million workers in the U.S. Manufacturing sector 

(“Facts About Manufacturing,” n.d.), which illustrates that a large portion of the U.S. 

workforce is tied to manufacturing.  

Manual assembly production processes are dominant in low-rate, high complexity 

environments where the system performance depends greatly on worker skills. In these 

production systems, there is still a need to optimize for cycle time, throughput, or line 

balancing, but unlike systems that depend on machine capability, the system depends on 

the familiarity and knowledge of the workers in the system (Gräßler et al., 2021; Roberts 

& Cullinane, 2023). Tasks often have special procedures, sometimes requiring 

certifications, and can rely on worker decision-making as a response to real-time or 

unexpected conditions (Lazzerini & Pistolesi, 2018). Optimization efforts that do not 

consider the variation of the manual assembly processes will typically lack in applying 

results to these systems, applying the human variation of the processes starts to achieve 
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more applicable models (Wilhelm et al., 2021). The production system, as a result of 

these significant human interactions, behaves in a more socio-technical system than strict 

mechanical flow, thus requiring stability in the work force, leading to system learning, to 

ensure consistent throughput and delivery.  

Workforce disruptions have become increasingly prominent in recent years due to 

elevated separations, labor shortages, and demographic shifts in the manufacturing sector 

(Bureau of Labor Statistics Data, n.d.). The trend began prior to the COVID-19 

pandemic and remained elevated after the pandemic only decreasing recently as inflation 

increases. Manufacturing ranks among the highest turnover rates of industries notably 

driven by wage competition, physical workload, and limited apprenticeship or upskilling 

(OES Home, n.d.) for example, labor union membership has hit an all-time low in 2024 

(Union Members Summary - 2024 A01 Results, n.d.). The consequence of this shrinking 

pool of experienced workers is a steady flow of novice workers who require time to 

develop proficiency and learning of the system and tools. Because manual assembly 

production system performance is strongly correlated to individual performance and 

learning, these separations/turnover amplifies the variability, reduces the predictability, 

and impact system stability over time. 

In manual assembly production systems, the seemingly small disruptions will propagate 

disproportionately as there is no independence between the tasks in the system. The tasks 

precedence and resulting critical path of tasks to complete are paced by the slowest or 

least experienced workers. Precedence integrity depends on the availability of resources 

at the time of need to work in sequence, thus requiring a workforce able to be cross-

trained to best ensure task assignments when disruption occurs (Dagkakis et al., 2019). 

The fragility of the system is why there is a necessary framework to apply when the 

disruption occurs rather than informal judgment of an operations/factory manager. There 

are systematic impacts of the attrition, learning, and worker skillset that influence the 
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system behavior that is essential to understand to design a robust assignment strategy 

(Peltokorpi & Niemi, 2019).  

2.1.2 Characteristics of Manual Assembly 

Typical manual assembly tasks require a combination of hand-eye coordination, 

situational awareness, skill that workers accumulate through training (classroom and on-

the-job) but mostly through direct experience. Assembly tasks typically involve more 

than just explicit instruction, but have perceptual cues like resistance, alignment feel, 

sound, or visual requirements that are difficult to write into detailed instruction or 

automated sensing systems. Workers often adapt procedures dynamically to 

accommodate variations seen in parts or processes that are allowable in the engineering 

specification to avoid nonconformances, this judgment only emerges through repeated 

process (Adler & Clark, 1991). The required underlying talent in manual assembly work 

makes the skill acquisition and investment slow and it will contribute to substantial 

performance differences between novice and expert workers (Glock et al., 2019). 

Human factors also play a significant role in production system variability and worker 

assignment process that lead to system performance. Ergonomics, reach, posture, 

personal delay, and fatigue influence the pace and quality of the assembly. Tasks that 

require repetitive motion or sustained concentration naturally impact performance over a 

shift contributing to the worker’s variability even when all other conditions are within 

control limits (Wilhelm et al., 2021). Typical manual assembly tasks also require some 

cognitive complexity, either remembering sequences, detecting real-time anomalies, or 

task switching increases the variances. In the sectors where this work is most common 

(i.e. aerospace, defense, medical devices) the gravity of ensuring quality outcomes has an 

additional cognitive load on the workers. All these factors collectively make an 
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operational environment where the production system limitations are on the human and 

not on the technical constraints (Calzavara et al., 2019). 

A characteristic of manual assembly operations is the variance between workers’ 

performance. Identical standard instructions and tools being used by different workers 

will cause variation in task times due to differences in experience level, physical ability, 

and individual task strategies (Stewart et al., 1995). This variability is inherent to the 

system and cannot be eliminated, but can be studied, buffered against and the effect 

minimized; essentially designing the system to absorb the variation (Badiru & Ijaduola, 

2009; Calzavara et al., 2019; Yelle, 1979). On the production line, these differences 

generate challenges that disrupt workflows and task completions by straining 

interdependent tasks and precedence. 

Manual assembly processes are more fragile than the automated manufacturing systems 

and are more dependent on the consistent coordination across worker skills and 

performance. When there are substantially different workers, either in pace or learning 

level, bottlenecks develop in the system that shift depending on the struggling 

worker/task/workstation. Therefore, the stability of the workforce is highly dependent on 

a successful system and consistent product delivery (Dagkakis et al., 2019; Liu, Liang, et 

al., 2019). This is a key reason as to why turnover has such a pronounced operational 

consequence in manual production systems. 

2.1.3 Sources of Variability and Learning Effects in Manual Assembly 

The most predictable, but highly individualized, performance improvement is the 

learning effects of the workers and system that evolve over time. Early work by Wright 

formalized this through what is known as Wright’s Law that characterizes learning as an 

exponential relationship between cumulative production and worker effort on the unit. 

The unit time will decrease as the experience of the worker and system increases (Wright, 
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1936). There have been additional studies that have reinforced the validity of learning 

curves and their nonlinearity most emphasizing that the largest gains in learning occur 

early in the worker’s experience and then taper as the worker’s achieve proficiency 

(Adler & Clark, 1991; Tervo et al., 2008). Aggregated learning curves are used to 

forecast throughput, staffing requirements, and cycle times, this is because in manual 

assembly production systems, human labor remains the dominant production constraint 

(Glock et al., 2019). There is empirical evidence that consistently demonstrates 

substantial discrepancies across workers, driven by differences in prior experience, 

skillsets, complexity of tasks, and the quality of the training provided new workers. These 

differences introduce consistent variability to the production system. As a result, learning 

should be viewed as a gradual performance drift to the steady state production and a 

source of uncertainty that shapes the short-term and long-term throughput and 

productivity of the system. 

Skill decay also influences human performance, where workers will lose capability when 

tasks are infrequent. There is research that shows learning and forgetting curve shows 

showing that skill acquisition is not permanent (Lolli et al., 2016). Performance 

improvements can decay over time when the tasks are not regularly performed by the 

same workers. Badiru and Ijaduola formalize this through the half-life learning models 

that demonstrate forgetting can offset prior learning gains especially with complex tasks 

(Badiru & Ijaduola, 2009). There are related studies for manufacturing systems 

specifically that incorporate learning and forgetting factors due to absenteeism, job 

cycling, and lack of task exposure to increase variance in processing times even among 

the experienced workers (Wang et al., 2020). Relearning a process following an absence 

does not retrace that original learning curve, but introduces additional instability before 

reaching prior performance levels (Wang et al., 2020). These findings indicate that 
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turnover and training do not merely reset the productivity, there is an introduction of 

dynamic uncertainty due to the workforce instability. 

The team composition also influences the performance variability because of the 

differences in worker’s pacing, individual coordination, and familiarity with the tasks. 

Empirical studies of manual assembly production teams show that when workers work in 

familiar groups they outperform newly formed teams, regardless of the individual skill 

levels. Peltokorpi and Niemi show that learning effects in manual assembly are collective 

with improved productivity emerging from the shared tasks, coordination, and adjustment 

within those teams (Peltokorpi & Niemi, 2019). When workers frequently cycle or when 

team are disrupted due to turnover, these collective learning effects are also disrupted. 

This leads to increase production time variability and negatively impacts throughput 

stability.  The evidence from lean manufacturing suggested that frequent personnel 

changes will undermine the effectiveness of the skilled workers by breaking the 

cumulative knowledge and coordination of the team (Roberts & Cullinane, 2023). The 

result is that turnover does not only remove individual capability but also degrades the 

entire system-level performance by disrupting the team’s dynamics. The team stability is 

a critical measure, but underappreciated, to the system’s performance in low-rate manual 

assembly systems. 

2.1.4 Disruptions in Manual Assembly Systems 

The least predictable disruption in manual assembly systems that has the most 

consequence is the workforce attrition. If an experienced worker leaves, all the 

productive capability is completely, immediately lost, and the replacement process 

introduces a worker with less direct experience, and their expected performance will 

follow the early stages of the learning curve. Research on manufacturing productivity 

with workforce turnover shows that attrition is a persistent negative for output and 
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efficiency and extends beyond the initial impact of the vacancy mainly because of the 

irreplaceability of the accumulated learning and the task-specific experience (Kucherov 

& Manokhina, 2017; Moon et al., n.d.). When there are equipment failures or part 

shortages there is a temporary impact, but attrition will permanently change the skill 

composition of the system and the aggregated learning curves of the task and team. The 

system can recover some through task reassignment and cross-training, but will not 

rebound from the attrition of a highly experienced worker, especially in low-rate manual 

assembly production systems. Labor market data shows instability in skilled workers 

being available, emphasizing that attrition is a consistent uncertainty and not a temporary 

disturbance (How Much Turnover Is Too Much?, n.d.; JOLTS Home, n.d.). In manual 

assembly production systems, attrition is a unique disruptor that is a consistent cause for 

concern across the system.  

Short-term workforce availability impacts disrupt the production system as well because 

of the reliance on assembly precedence. These temporary absences disrupt the established 

bottlenecks and force managers to reassign tasks and line balance to ensure assembly 

flow.  Worker availability and assignment research details the minor fluctuations in 

staffing can spread throughout the production line while increasing cycle time and 

negatively impacting throughput (Liu, Liu, et al., 2019). When backfilling with partially 

trained or cross-trained workers the processing time will increase, variability increases, 

and the system instability will amplify (Eiselt & Marianov, 2008). In automated 

environments short-term capacity losses can be absorbed through buffer and machine 

adjustments, where manual assembly production systems need to respond immediately 

with intervention from the management team. Recurring daily disruptions emphasize the 

changing nature of workforce management and highlight the requirement for decision 

support that is capable of guiding the rebalancing and replacements choices under 

uncertainty (Chen et al., 2021).  
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Many disruptions have ripple effects across the production system because tasks are 

sequenced, interdependent due to precedence, and coordinated within the schedule. The 

precedence constrains flexibility for reassignment of tasks because a single workstation 

disruption can cause impacts to successor tasks even if there is labor capacity. Research 

into manual assembly production systems, whether in the discrete-event simulation, 

operations research, or combined areas, show that local disruptions have system-wide 

effects  like shifting of bottlenecks, increased wait times, and unbalanced workloads  

(Dagkakis et al., 2019). If bottlenecks change unpredictably because of unavailable 

workers, the system performance cannot be managed through single-period balancing 

rules alone. When reassignments are rushed the work imbalances can impact quality as 

workers would be assigned to unfamiliar tasks and/or outside of their typical work 

statements (Moreira et al., 2015). System responses, typically nonlinear impacts, 

emphasize that workforce disruptions cannot be treated in isolation but require the use for 

an optimization-based approach that can predict and manage the effects of uncertainty. 

2.1.5 Implications for Research 

The research and literature are clear that manual assembly systems require modeling of 

physical, cognitive, and organizational uncertainty. The variability that human workers 

bring to the system perpetuates instability for cycle times that exist even in balanced task 

assignments, because learning effects change the capability of the workers overtime and 

do not remain fixed. Turnover of the workers is essentially a capability shock where that 

accumulated experience is instantly removed, and the system will operate below attained 

or expected performance. The team feels this impact through the amplification of 

variability because productivity is not an individual skill but the shared routines and 

familiarity of the team. The factors all demonstrate that manual assembly performance 
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relies on complex interactions of human behavior and system structure and that static 

deterministic representations are insufficient.  

Manual assembly is positioned as a domain where traditional line-balancing models fall 

short and dynamic scheduling and analytic methods provide natural progression. 

Assembly line balancing (ALB) formulations classically assume stable worker 

performance and a one-time assignment of tasks to workstations. There are extensions, 

Assembly Line Worker Assignment and Balancing Problem (ALWABP) capture worker 

skill diversity but the availability, learning and attrition are fixed inputs and not a source 

of uncertainty. Production environments have managers that face recurring decisions on 

how to respond to workforce disruptions and what, if any, intervention policy to adhere 

to. This changes the problem from a static optimization to one of performing an action 

under uncertainty, e.g. whether to rebalance tasks or backfill incrementally as workforce 

attrition occurs.  

2.1.6 Decision Context for Manual Assembly Systems 

A single-period optimized line balance is not how a manual assembly production system 

is managed. There is a sequence of recurring decisions made under uncertainty that 

managers must continuously make to respond to the disruptions that arise from learning, 

forgetting, absenteeism, and changes to team capability. Each disruption forces an 

intervention decision on whether and how to intervene in the current workforce 

assignments to maintain stability or performance. 

These decisions are typically within a spectrum of available response strategies. One 

extreme is an optimization-based rebalancing deployed by managers to reassign tasks and 

workers to reduce impacts to efficiency and throughput. The other extreme is to rely on a 

pure backfilling approach that assigns new or available workers to the vacant tasks based 

on experience to keep the system stable. Managers may delay the choice and accept 
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short-term inefficiency with the expectation of workforce stabilization. These alternatives 

each change the expected performance outcomes but also have varying implementation 

and computational cost as well as impact on workforce stability. 

The consequences of reoptimization or backfilling have productivity effects in both the 

short-term and long-term. Deciding to rebalance changes future worker learning curves 

because workers are exposed to new tasks, backfilling reinforces specialization but can 

accelerate skill decay without cross-training. Repeated disruptions and frequent 

reassignment reduce the likelihood of developing team dynamics from a group of 

workers which can introduce quality risks and increase variability in the production 

system. The managerial decision making to disruption allow for feedback loops to 

determine how short-term responses change the long-term system behavior (Ullman, 

2001). Many existing models in the extensive literature on ALBAWP assume that 

optimization if always desirable and costless to deploy. The focus is to find improved 

allocations instead of evaluating the conditions where rebalancing is the appropriate 

decision to make or comparing alternative strategies.  The literature provides little 

guidance for managers seeking to determine a balance between the optimization costs and 

risks and the cost of consistently intervening with the worker-task assignments. 

The existing approaches would benefit from reframing manual assembly operations not 

as an optimization problem but as a decision problem under uncertainty where managers 

need to choose among potentially competing response strategies. This framing shifts the 

analytical focus from finding the single optima to instead an evaluation of the 

performance of different decision policies with uncertain and evolving conditions 

(Clemen, 2001). This standpoint is the foundation for the model and methods proposed in 

Section 3. 
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2.2 Assembly Line Balancing 

2.2.1 Origins and Classical Assembly Line Balancing 

Production systems require methods and algorithms to establish work assignments to 

workstations to achieve consistent throughput. Early formulations assume stable 

production conditions, repeatable tasks, consistent performance, and consistent 

production rates from the resource performing the work statement. This results in ALB 

models optimizing for efficiency in deterministic scenarios while reflecting the view of 

production system as a predictable system rather than one with inherent variation 

(Sivasankaran & Shahabudeen, 2014).  

The Simple Assembly Line Balancing Problem (SALBP) is the assignment of tasks to 

workstations with precedence constraints to either minimize the number of workstations 

or minimize the cycle time, the recognized model of the assembly line. SALBP assumes 

fixed cycle time, single resource workstations, and deterministic task durations. Each task 

in the system must be assigned to exactly one workstation while adhering to precedence 

relationships with the goal to optimize typically either the number of workstations or the 

cycle time. This provides a manageable mathematical method to enable analytical 

progress for ALB and the assumptions that go into the problem. The SALBP problems 

and solution sets serve as the baseline from which all follow-on ALB extensions are 

derived.  

Over time, several SALBP variants were introduced in the literature to demonstrate the 

alternative objectives and assembly priorities. SALBP-1 is used to minimize the number 

of workstations for a given cycle time and SALBP-2 minimizes the cycle time for a fixed 

number of workstations. Additional variants, SALBP-E and SALBP-F, add efficiency 

measures and feasibility respectively. Additional forms have been proposed to capture 

other practical concerns, multi-manned work stations (SALBP-M) explore the application 
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of parallel work with more than one worker; skill assignment (SALBP-S) have different 

skill sets per worker or workstation; multi-model formulations (SALBP-MM) have 

different product models in the system at once; there are variable-time or stochastic 

variants (SALBP-V) for probabilistic task times; U-shaped or layout constrained models 

(SALBP-U) which capture different access patterns to workstations and worker 

movement; parallel-task formulations (SALBP-P) evaluate the system under parallel 

execution; time-dependent (SALBP-T) that incorporate learning models, fatigue, or other 

time-varying performance effects; and there are reliability (SALBP-R) that model failures 

or maintenance impacts. Research commonly combine these letters (e.g., SALBP-1M or 

SALBP-2T) to identify mixed extensions of the original models. Table 1 summarizes the 

SALBP variants and lays out the structural assumptions for each formulation. 

Table 1: SALBP Variant Summary 

Problem 
Variant 

Primary 
Objective 

Cycle 
Time 

Number 
of 
Stations 

Task Time 
Assumption 

Worker 
Assumption 

SALBP 
(canonical 
/ SALBP-
0) 

Canonical 
formulation Fixed Variable 

or fixed Deterministic 
Single 
worker per 
station 

SALBP-1 
Minimize 
number of 
stations 

Fixed Minimize
d Deterministic 

Homogeneou
s, always 
available 

SALBP-2 Minimize cycle 
time 

Variabl
e Fixed Deterministic 

Homogeneou
s, always 
available 

SALBP-E 
Maximize 
efficiency (or 
minimize idle) 

Fixed Variable Deterministic Homogeneou
s 

SALBP-F 

Feasibility 
testing (is a 
solution 
feasible?) 

Fixed Fixed Deterministic Homogeneou
s 

SALBP-M 
(multi-
manned) 

Minimize 
stations / cycle 
time under 
multi-manning 

Fixed 
or 
variabl
e 

Variable 
or fixed 
(multiple 
workers 
allowed 
per 
station) 

Deterministic 

Multiple 
workers per 
station 
allowed; may 
be 
homogeneous 
or mixed 
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SALBP-S 
(skill- or 
worker-
assignment
) 

Minimize 
stations / cycle 
time with skill 
constraints 

Fixed 
or 
variabl
e 

Variable 
or fixed 

Deterministic 
(often) 

Heterogeneo
us workers; 
skill 
requirements 
/ qualification 
constraints 

SALBP-P 
(parallel 
stations / 
parallel 
tasks) 

Minimize 
stations / 
balance 
parallel-
capable tasks 

Fixed 
or 
variabl
e 

Variable 
or fixed Deterministic 

May allow 
parallel 
execution 
inside a 
station 

SALBP-
MM 
(mixed-
model / 
multi-
model) 

Balance 
multiple 
product models 
simultaneously 

Fixed 
or 
variabl
e (often 
fixed 
per 
model 
mix) 

Variable 
or fixed 

Deterministic 
(often average 
or model-
specific times) 

Homogeneou
s or 
heterogeneou
s depending 
on model 
routing 

SALBP-V 
(stochastic 
/ variable 
task times) 

Robust/minimi
ze expected 
stations or 
cycle 

Fixed 
or 
variabl
e 

Variable 
or fixed 

Stochastic / 
probabilistic 
task times 

Typically 
homogeneous 
but 
availability 
may be 
stochastic 

SALBP-U 
(U-shaped 
/ layout 
constraine
d) 

Minimize 
stations with 
U-line layout 
constraints 

Fixed 
or 
variabl
e 

Variable 
or fixed Deterministic 

May allow 
one worker to 
access 
multiple 
adjacent 
stations (U-
layout 
effects) 

SALBP-R 
(reliability 
/ repair & 
downtime) 

Maintain 
throughput 
under failures 

Fixed 
or 
variabl
e 

Variable 
or fixed 

Task times with 
failures/downti
me 

Worker 
availability 
may be 
intermittent 

SALBP-T 
(time-
dependent 
/ learning 
& 
forgetting) 

Minimize cycle 
or stations 
accounting for 
time-varying 
times 

Fixed 
or 
variabl
e 

Variable 
or fixed 

Time-dependent 
deterministic 
(learning 
curves) 

Worker 
performance 
changes over 
time 

 

These variants were developed as a recognition that the assembly line design has trade-

offs in the objective function and is not a single universal optimized process. However, 

the assumptions of these extensions are still based on the simplified base models where 
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tasks times are deterministic or summarized by averages, stability in the workforce or 

high availability, and an undisrupted system. SALBP and the variants offer limited ability 

to represent the variation, learning, and workforce disruptions to appropriately 

characterize real-world manual assembly production systems where true understanding of 

worker skillsets or unplanned disruptions require further modeling. 

Early approaches to solve the problem relied on heuristics that were designed to 

efficiently provide feasible task assignments. The heuristics guided assignment decisions 

and the precedence requirements and task durations with computational simplicity. 

Boctor proposed multiple-rule heuristics that combined several priority criteria that will 

improve the quality of solution sets for many of the problem variants. Heuristic success 

all reflect the computational tractability in these large-scale assembly systems, but also is 

a deterministic framing of the classical line balancing, when the quality of the solution is 

evaluated under the known conditions (Boctor, n.d.). 

There are standardized benchmark datasets that enable evaluation and comparison of the 

assembly line balancing methods. Scholl’s ALB datasets provide an adopted collection of 

problem instances with precedence constrains and varying task times that facilitate 

algorithmic benchmarking. These datasets have been used, including by Berger and 

colleagues, to assess different exact and heuristic solution methods because of the 

consistent experimental conditions (Berger et al., 1992). The availability of these 

benchmark datasets accelerated the development of methods and have established 

performance baselines. The datasets support research for computational experiments by 

allowing proposed models to be evaluated against the established results. Also, extending 

the analysis to workforce dynamics that aren’t captured in the classical SALBP. 
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2.2.2 Extensions Beyond Classical SALBP 

Production systems required solutions that expanded beyond the assumptions in the 

classical SALBP. Product variety, mass customization, and volatility in demand all 

challenged the single, repetitive product line in a rigid serial process. Mixed-model 

production, where different products share assembly processes and resources have 

become increasingly more common in the real-world, especially in automotive and 

electronics manufacturing. Similarly, there are adaptations to the system physical layout, 

parallel and U-shaped production configurations have emerged to utilize space more 

efficiently and provide responsiveness of resources. Real-world factory floors have 

deviated from the idealized classic SALBP formulation of single-worker per workstation 

model. The developments exposed the limitation of a deterministic SALBP method 

where the assumptions and motivation furthered more modeling frameworks that were 

capable of real-world requirements. 

Boysen, Fliedner, and Scholl proposed a comprehensive classification of the ALBP 

which provided a formal categorization of the diverse set of model variants. The 

taxonomy (see table) organizes the ALB problems along multiple dimensions like layout, 

product lines, station configurations, and objective functions. The classification also 

differentiates problems based on the constraint categories like precedence relations, setup 

and run dependencies, and limitations of resources (Boysen et al., 2007). This framework 

is a common language for model comparison and the expansion beyond classical SALBP. 

However, most extensions still operate under the deterministic assumptions regarding the 

execution of tasks and worker availability, leaving uncertainty and dynamic disruptions 

mostly unaddressed. 

Parallel lines and multi-manned/multi-resourced stations were included in the extensions. 

In the multi-manned/team-based workstations, more than one worker is assigned to the 
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same workstation in order to complete tasks at the same time or together. This enables 

skill pooling and increases throughput without impacting the number of workstations. 

The addition of teams to the SALBP raises complexities around coordinating task 

assignments due to hand-offs between resources, which worker completes predecessor 

and successors, and interference or blocking of tasks. Pooling labor also introduces some 

flexibility in the system as workers can be reassigned within the pool to cover bottlenecks 

or peaks or absenteeism, but it also requires explicit rules around the use, training, and 

allocation of the workers or inefficiencies will arise. Multi-manned and parallel SALBPs 

change the solution set and expand the classic problem into areas of concern for human 

factors (Abidin Çil & Kizilay, 2020; Dimitriadis, 2006). 

Mixed-model assembly systems introduce variability in the precedence and task times. 

When multiple product models are on the same production line the required operations 

can change unit over unit, therefore the switching cost for models needs to be accounted 

for. The effects of the sequence are important, this is the order of the models on the 

production line and how they affect smoothing, set-up frequency, and the temporary 

imbalance of the workstations. The optimization that provides a static assignment may 

not be optimal as model mix occurs, there is a need for a robust optimized solution across 

the model mix that may need task or resource aggregation, heuristics for model 

sequencing, or multi-objective methods. The mixed-model problem requires formulations 

that capture variation explicitly within the solution sets (Öztürk et al., 2013). 

In the comprehensive review of SALBP, Boysen, Fliedner and Scholl enumerate the 

substantial progress in methodologies, such as complex line configurations, more 

intricate precedence, and sophisticated approaches to exact and metaheuristic solutions. 

Advances in algorithm design and computing power availability have enabled researchers 

to solve the larger benchmark instances and start exploring multi-objective formulations 

that have historically been intractable. Their review also discusses that many of the core 
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assumptions have been largely unchanged, specifically the task times and resource 

availability. This results in the contemporary ALB models that are richer than their 

predecessors but continue to stay away from dynamic, human-driven sources of variation 

that impact performance in manual assembly production systems (Boysen et al., 2022). 

2.2.3 Advanced Modeling Approaches 

Advanced SALBP have used mathematical programming to represent the complex 

constraints in the system. Mixed-integer linear programming (MILP) formulations have 

become the main modeling technique for ALB as the adaption of the precedence 

relationships, task-workstation assignments and capacity can be shown explicitly. The 

decision variables are binary to indicate the task assignment to a specific workstation, 

while the cycle time variable is continuous along with workload and utilization values. 

Ritt and Costa show how such formulations provide a flexible formulation that is capable 

of incorporating numerous variants of the SALPB (Ritt & Costa, 2018). The 

expressiveness of the MILP is computationally expensive, as the number of tasks, 

workstations, or constraints increases the computational cost increases. MILP problems 

scale poorly which limits their direct applicability to large or highly detailed systems. 

Introducing task sequencing dependencies and parallel resources does not change the 

treatment of the workers as single-skilled resources which limits the ability of these 

models and methods to capture the differences in performance of worker skill diversity. 

The exact solution methods, e.g., Branch and Bound, provide optimal solutions for small 

to medium instances. These methods explore solutions by iteratively partitioning the 

solution space into subproblems while pruning regions that cannot improve on the current 

best solution. For ALB, this method has been used both as a individual solver or as a 

component within a larger solving algorithm. Research by Álvarez-Miranda and 

colleagues, and Berger et al., show how the exact approaches serve as valuable 
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benchmarks for the evaluation of heuristic performance or for identifying optimality gaps 

(Álvarez-Miranda & Pereira, 2019; Berger et al., 1992).The practical use of exact 

methods is hampered by the exponential growth of the search space and problem size 

especially when there are complex models with worker skill diversity or uncertainty. 

There are metaheuristic optimization approaches that address the scalability limitations 

inherent to the exact solution methods. Tabu search, genetic algorithms, and simulated 

annealing are some available techniques that provide high-quality solutions for complex 

ALBP to reduce computational costs. Research shows how these techniques can 

efficiently find solutions in large feasibility regions by combining structures of the base 

problem with stochastic search (Pastor et al., 2002). With metaheuristics there is no 

guarantee of optimality as they enable practical solutions of industry relevant instances 

that are otherwise difficult to manage. Most metaheuristics implementation is focused on 

the static problem formulations, in that they are optimizing a fixed system configuration 

instead of adapting to the dynamic changes of the system like workforce composition or 

availability. The sophistication of these models and methods lie solely in the solution 

technique and not in an abstraction of a human-centric production system (Aguilar et al., 

2023; Leitold et al., 2019). 

Hybrid models combine mathematical programming with heuristic searches to leverage 

the strengths of both methods to achieve better solution quality. Calleja et al. show that 

combining MILP with tailored heuristics can increase convergence speed significantly 

and improve the solution quality for complex ALB problems (Calleja et al., 2014). 

Hybrid methodologies have proven to be quite effective for large-scale and./or highly-

constrained instances where the exact methods are not practical. 

Even though there have been substantial advances in modeling and solution techniques, 

the majority of ALB approaches continue to be focused on static depictions of production 

systems. Workforce composition is generally assumed to be a fixed input, task times are 
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known or bounded, and the optimization is performed for a single planning period not 

accounting for potential future disruptions. The hybrid and more robust formulations 

optimize on a snapshot of the system conditions rather than modeling how disruption 

caused learning, attrition, or absenteeism alters feasibility and performance over the 

planning horizon. The result is that these models offer limited decision support for 

managers in environments where workforce skill level and availability disruptions 

happen consistently. 

2.2.4 Assembly Line Balancing Under Uncertainty 

In real-world scenarios, the task times will vary due to difference in worker skill, fatigue, 

learning, and the day-to-day operating conditions of the system which prompted research 

into uncertainty models. Manual assembly environments are especially sensitive to this 

variability because tasks can be tightly sequenced with aggressive cycle time targets to 

meet production delivery expectations. Deterministic ALB models assume fixed 

processing times and available labor which is an assumption that makes these models 

insubstantial when faced with the real-world disruptions. The solutions available under 

deterministic assumptions may perform poorly once uncertainty is realized, requiring the 

push for uncertainty into the ALB formulations.  

There are robust optimization methods that extend the ALB models by representing task 

times as uncertain but through bounded intervals rather than fixed values. Solutions are 

found to remain feasible across all expected values within the bounds, this is done by 

minimizing the worst-case makespan or regret that is relative to the ideal solution. Hazir 

and Dolgui propose robust formations that account for uncertainty in task times which 

demonstrates that robustness can be achieved at the expense of nominal efficiency (Hazır 

& Dolgui, 2013). Approaches like this will improve the stability of the solution but they 

tend to produce conservative assignments that safeguard from rarely occurring extreme 
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conditions. Robust ALB also emphasizes protection over adaptability; this ensures 

feasibility under uncertainty but will offer limited guidance on dynamically response to 

uncertainty as it happens in production operations. 

Interval-based ALB models have task times as ranges of values rather than point 

estimates, this allows solution to remain feasible across all values within the specified 

bounds. This method substitutes the interval for a probability distribution, which are 

either unavailable or unreliable in manual assembly. Gurevsky et al. show that interval 

methods can guarantee feasibility under the worst-case scenario, this provides protections 

against the variability in task times (Gurevsky et al., 2013). However, this robust solution 

is achieved with conservative task assignments that reduce the flexibility of the system 

and impact the efficiency when in standard operating conditions. Prioritizing the 

guaranteed feasibility in the interval-based ALB models trades the expected performance 

for stability and this offers limited insight into how managers need to adapt when 

uncertainty impacts disproportionately across the workforce and time. 

In stochastic ALB the task times are random variables with probability distributions. The 

models optimize the expected values of performance measures (cycle time or cost). Jin et 

al. develop stochastic models with uncertainty surrounding task times and show improved 

expected outcomes against their deterministic counterparts (Jin et al., 2022). The 

computational cost of these methods grows rapidly with the number of scenarios and 

limits their scalability for any real-world problem size. Stochastic models also assume 

stationary distributions and do not account for performance changes caused by the system 

itself through learning, attritions, or absenteeism and this furthers their restrictive use in 

the dynamic environment of manual assembly production. 

Uncertainty is expressly represented in the variation of task times in robust, interval-

based, and the stochastic ALB methods but not as a consequence of workforce dynamics. 

Worker turnover, attrition, and reallocation are generally treated at outside issues or 
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ignored even though there is an immediate impact on the capability of the production 

system. Learning and forgetting effects are rarely incorporated into uncertainty models 

which results in static task time distributions which also fail to evolve with the workers’ 

experience. Assuming that the composition of the workforce is stable with stationary 

performance distribution, the uncertainty ALB models only capture a small subset of the 

human-centric production system variation. This is a disconnect and limits the usefulness 

for the managers in environments where the workforce changes, not task randomness, are 

the main risk to delivery. 

2.2.5 Extension of ALB for Human-Centric Systems 

ALB extensions into human-centric systems relax the assumption of standard labor skills 

by explicitly adding changes to worker capability, physical capacity, and cognitive load. 

Instead of treating task times as fixed, these models include task feasibility and 

performance variation depending on who is performing the task. These models introduce 

skill compatibility constraints and ergonomic considerations to the ALB problems. 

Fatigue is an effect that adds to the complex task assignment by linking the distribution 

of work to declining performance or injury over time. These extensions signify a 

conceptual shift from the task-oriented optimization methods to models that acknowledge 

the human as a constraint in the system, specifically manual assembly when automation 

cannot, at this time, be a substitute for human judgment and dexterity (Eiselt & 

Marianov, 2008). 

Team extensions where multiple workers are sharing responsibility for a workstation or 

set of tasks reflect the collaboration frequently occurring in complex, low-rate assembly 

systems. The efficiency gains that are found in task sharing, assistance, and coordination 

of teams are accounted for in these models but they also introduce a required overhead 

coordination that can reduce the individual’s productivity. A team’s group learning can 
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influence the entire system’s performance where a stable team will often outperform 

newly formed teams because of the established norms and knowledge that has been 

developed. Dimitriadeis shows that incorporating team structures into ALB 

methodologies improve throughput in human-centric systems, but there is an increased 

computational cost due to the increased complexity (Dimitriadis, 2006). 

Skill-based ALB models formalize the compatibility of workers to tasks with the 

capability matrix that will specify which workers have the capability of performing 

specific tasks and at an expected performance level. These methods restrict the feasibly 

task assignment based on certifications, experience levels, or completed training which 

makes the constraints and feasible region more human-centric. Gräßler et al. show that 

incorporating these skill constraints improves the realism of the model and also enables 

strategic insights on training investments and the workforce development (Gräßler et al., 

2021). Even though the model has worker skill diversity for the points in time, there is 

still an expectation of static skill profiles nor do they account for learning, forgetting, or 

turnover of the workforce. These are limitations that are critical to the dynamics of the 

manual assembly production system. 

Simulation-integrated ALB methods use discrete-event simulation (DES) to capture the 

dynamic and stochastic aspect of the human-centric systems. These methods do not 

assume fixed task times, but allow for performance variability to emerge from the model 

through worker collaboration, learning, and bottlenecks. Dagkakis et al. show that 

coupling skill-based assignments and simulation give insight into the changes in 

production throughput and bottlenecks are impacted by worker adaptation and system 

disruption over time (Dagkakis et al., 2019). This approach and other like it improves the 

realism of the models and methods and experiment with different workforce policies, but 

they typically rely on defined decision rules instead of optimizing workforce reallocation 

due to the uncertainty. 
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Heuristic methods dominate the human-centric ALB problem space because of the 

combinatorial complexity that is introduced due to worker skills, task-worker 

assignments, and ergonomics. Exact optimization methods become computationally 

costly or infeasible when the problem size grows, especially when the workers have 

varying characteristics on workstations or tasks. Akyol and Baykasoğlu show that there 

are priority rules and constructive heuristics that offer scalable approximations to 

implement in real-world scenarios which also reduce the computational cost (Akyol & 

Baykasoğlu, 2019). These heuristics involve static settings and do not evaluate decision 

trade-offs of alternatives, like reoptimization vs. backfilling, when the workforce 

changes. 

2.2.6 Summary and Gaps 

There is steady research progress toward more real-world-centric ALB models that 

incorporate complex constraints, uncertainty, and human factors. SALBP models and 

methods have established the foundations used for the extensions in applications while 

also expanding research scopes to more complex production systems and alternative 

objective functions. Advancing the algorithms from the exact methods and metaheuristics 

to hybrid methods have improved solvability for many large-scale, real-world adjacent 

models with robust and stochastic formulations to represent the uncertainty in task times. 

Even though there have been advances in the models and methodologies, uncertainty in 

ALB is predominantly for the tasks and not the workforce. Most models assume fixed or 

available workers, stable work skillsets, and known or static task times and distributions. 

Even human-centric extensions will incorporate differing worker skills as a static 

parameter and not incorporating learning, forgetting, absenteeism, or turnover. 

Simulation-based models and methods introduce dynamic behavior but only rely on the 
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predefined decision spaces rather than optimizing the uncertainty with workforce 

interventions. 

Existing ALB methods and models are useful for designing efficient configurations that 

are static but are not as effective for real-world operational decisions in environments 

with continuously changing workforce composition. In real-world scenarios, managers 

need to repeatedly decided on rebalancing the line with optimization or backfilling due to 

attrition, absences, or skill-matching challenges. These decisions affect the performance 

of the system and have both long-term and short-term impacts on performance and 

system uncertainty. 

 

These limitations require a shift from task-centric balance to models and methods that 

explicitly integrate the worker assignment decisions with the ALB with diverse 

capabilities. The Assembly Line Worker Assignment and Balancing Problem 

(ALWABP) provides an extension of the classical ALBP through the treatment of 

worker-task assignments as the main modeling elements. The next sections will review 

the ALWABP models and methods and highlight the gaps in capturing the uncertainty of 

a dynamic workforce. 

2.3 Assembly Line Worker Assignment and Balancing Problem (ALWABP) 

2.3.1 ALWABP Definition and Motivation 

Real-world manual assembly production systems utilize workers with diverse skillsets, 

speeds, and experience levels. SALBP models and methods treat labor as a uniform 

resource, assuming that any worker can perform any assigned task with the same 

expected efficiency. This allows for manageable mathematical solutioning but does not 

define the characteristics of manual assembly production systems where performance 

outcomes are directly impacted by the worker-task assignments. Workers differ quite a 
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bit in their dexterity, familiarity with the tasks assigned, processing speed, and mental 

and physical capability which lead to actual task times that vary by worker. Therefore, 

the task time is a core characteristic of the worker assigned the task rather than an 

independent value. Empirical and modeling research show that neglecting this diverse 

nature of the worker-task relationship can lead to infeasible task assignments, 

underestimated cycle times, and unbalanced assembly lines especially in human-centric 

production systems. These limitations reveal that worker skill diversity is a violation of 

SALBP assumptions and requires alternative models and methods to address the human 

variation in the assembly systems (Karas & Ozcelik, 2021; Vilà & Pereira, 2014). 

The Assembly Line Worker Assignment and Balancing Problem (ALWABP) extends the 

classical ALB research by incorporating the diverse nature of workers into the task 

assignment decisions. SALBP allocated tasks to workstations independently of the 

workers’ characteristics, ALWABP solves for the assignment of workers and tasks across 

workstations with the understanding that performance is generated by this interaction. In 

these models the task processing times are not deterministic constants but ate based on 

the skill profile of the assigned worker which allows for the same task to have differing 

durations depending on the worker assigned. Model feasibility is also dependent on the 

workers as only certain workers can carry the appropriate certifications, qualifications, or 

physical requirements to perform a specific task. This changes the ALB from the 

workstation-centric model to a worker-task-workstation assignment problem, increasing 

both the real-world applications and the complexity (Yilmaz, 2021). Including worker 

skill diversity into the mathematical structure of the models moves ALWABP beyond an 

extension of SALBP and defines the analysis from the tasks alone to the human-centric 

worker-task production system (Vilà & Pereira, 2014).  

Classical SALBP models and methods use a workstation-centric vision of the assembly 

system where tasks are assigned to workstations while adhering to precedence constraints 
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and the workers are treated as interchangeable resources. ALWABP differs by 

introducing the explicit worker-task-workstation relationship and recognizes that the 

production system performance depends on the selected workstations and the selected 

worker. In SALBP, the task times are typically assumed to be deterministic and 

independent of worker but in the ALWABP models the task times are variable based on 

the skill required and/or the assigned worker. This shift alters the feasible solution space 

as the task times that would be valid in the SALBP models are no longer because of 

worker qualifications or certifications are now taken into account. Table 2 summarizes 

the key difference in the concepts and models of the SALBP and ALWABP, detailing 

that the ALWABP models and methods have structural differences and is not a minor 

extension. 

Table 2: SALBP vs. ALWABP Key Differences 

Dimension SALBP ALWABP Implication for 
Modeling 

System focus Station-centric Worker–task–station 
triad 

ALWABP explicitly 
models human 
involvement rather 
than abstract capacity 

Worker 
representation 

Homogeneous, 
interchangeable 

Worker skill 
diversity 

Worker identity 
directly affects 
feasibility and 
performance 

Task processing 
times 

Deterministic and 
fixed 

Worker-dependent 
and skill-conditioned 

Task duration 
becomes an 
endogenous decision 
outcome 

Feasibility of 
task assignment 

All tasks feasible 
at all stations 

Feasibility depends 
on worker 
qualifications 

Qualification 
constraints reduce the 
feasible solution space 

Decision 
variables 

Task-to-station 
assignment 

Joint task and worker 
assignment 

Increased 
dimensionality but 
improved realism 

Objective 
functions 

Minimize 
stations or cycle 
time 

Minimize cycle time, 
cost, or imbalance 
with labor 
considerations 

Objectives incorporate 
labor efficiency rather 
than pure flow 
efficiency 

Treatment of 
learning Not modeled Typically static or 

implicit 

Learning effects 
generally excluded or 
assumed fixed 
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Workforce 
dynamics 

Fixed and always 
available 

Fixed workforce, 
availability often 
assumed 

Attrition and 
absenteeism rarely 
modeled 

Temporal scope Single-period, 
static Single-period, static 

Neither model 
inherently captures 
adaptation over time 

Computational 
complexity Moderate High 

ALWABP requires 
heuristics or 
decomposition for 
scalability 

Typical solution 
methods 

Constructive 
heuristics, B&B 

Heuristics, 
metaheuristics, 
matheuristics 

Shift toward 
approximation 
methods 

Primary 
limitation 

Ignores human 
variability 

Ignores workforce 
dynamics 

Motivates dynamic, 
decision-oriented 
extensions 

 

Many contemporary manufacturing system environments, specifically highly-mixed, 

low-volume production, customized assembly, and the skilled trades rely heavily on 

manual workers due to the variability in products, capital investment constraints, or 

quality requirements. These are environments where worker expertise, learning, and 

adaptability drive the system performance and if the assumption is that all workers are the 

same then there will be suboptimal planning decisions (Karas & Ozcelik, 2021). 

Empirical and applied research show that assigning the “wrong” worker to a task can 

greatly impact cycle times, increase rework, and create system bottlenecks. ALWABP 

addresses the real-world nature of the diverse worker skill by using those profiles and 

their capabilities that are also task specific in the balancing solutioning. This aligns the 

model structure with the practical operations instead of implementing efficiency 

assumptions (Yilmaz, 2021). 

ALWABP accounts for the worker skill diversity, but most of the early models and 

methods assume a fixed workforce with stable skills that do not change over time. 

Learning curves, forgetting, absenteeism, and attrition are typically excluded and the 

ALB problem is solved for a steady-state (single period) optimization without feedback. 
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This results in models assuming that once an optimal ALB solution is found then it will 

be optimal indefinitely. This assumption conflicts with the labor statistics found in 

manual assembly production systems that are characterized by turnover and skill 

development (Bureau of Labor Statistics Data, n.d.). These limitations do not reduce the 

value of the ALWABP for advancing the models and methods, but they do constrain the 

applicability in systems with human variation. 

2.3.2 ALWABP Mathematical Models 

ALWABP models and methods integrate worker assignments and task balancing in a 

singular optimization framework. Where classical SALBP models that assigns tasks to 

workstations with static task times, AWALBP models present the relationships between 

workers, tasks, and workstations. The assignments are found with binary decision 

variables that determine if a task is assigned to a specific workstation and performed by a 

specific worker. These methods preserve the structure of ALB while capturing the 

combinatorial complexity brought in by the worker-task-workstation relationships. A 

defining aspect of the ALWABP model is the addition of the skillset or worker-specific 

task times, this replaces the deterministic task time used in SALBP. Feasibility and 

workstation load constraints are evaluated for the worker instead of the workstation, 

while precedence constraints are enforced to ensure the task sequence. This modeling 

structure is consistent with traditional ALB models and methods while extending into 

realistic human-centric production systems (Moreira et al., 2015; Vilà & Pereira, 2014). 

ALWABP-1 models optimize the number of workstations for the cycle time while 

accounting for the worker skill diversity. In this variant, the classical work station load 

constraint is replaced by the worker-specific cycle time constraints, this is consistent with 

the idea that workstation capacity is dependent on the assigned worker’s skill. Tasks 

assigned to the same workstation must meet the cycle times when they are performed by 
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the workers assigned, which creates a tight coupling between worker assignment and the 

workstation bottlenecks. ALWABP-1 models will incorporate task-worker capability 

matrix which prevents unrealistic allocations by excluding infeasible assignments like 

certifications or physical constraints. Workforce composition is a large aspect of 

determining the minimum number of workstations as a team of highly skilled and flexible 

workers may absorb greater task loads, while limited skills can increase the number of 

required workstations. This formulation is relevant in environments where there are 

sheltered workshops and mixed-skill production lines, systems underlined by the worker 

skill diversity (Moreira et al., 2015; Vilà & Pereira, 2014). 

ALWABP-2 models change the objective to minimizing cycle time for the fixed number 

of workstations and workers, this aligns with maximizing throughput. In these models, 

worker-task assignments is a central element of system performance because poor 

assignments increase workstation loads and cycle times. In ALWABP-1 more 

workstations compensate for worker skill limitations, but in ALWABP-2 shows the 

productivity impacts of workforce skillsets by identifying the bottleneck workers with 

limited capability who are constraining the system and throughput. Worker skill 

distributions have a large impact on ALWABP-2, but there is also usefulness in 

understanding the imbalance that is caused by human factors and not just task structure 

(Akyol & Baykasoğlu, 2019; Moreira et al., 2017). By framing the worker skill diversity 

as a flow-limiting element, ALWABP-2 becomes an extension of classical cycle-time 

minimization models to realistically model the dynamics of human-centric production 

systems. 

ALWABP’s defining features is that the task times are not a characteristic of the task, but 

change based on the assigned worker. Rather than assuming deterministic times, 

ALWABP models and methods rely on worker-task capability matrices with individual 

times and qualification criteria that provides potentially distinct details for each worker-
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task pair. This representation allows for the variability from changes to skill, experience, 

physical capability, or cognitive load requirements. Skill capability constraints are added 

to restrict worker-task pairs that are infeasible or using the large M method, where M is 

an exceptionally large number, to reflect the impossibility of specific worker-task pairs. 

These matrices indirectly encode the differences in worker skill and experience, learning 

effects are treated as static parameters and not a dynamic process. This modeling method 

balances realism with manageable solutions by representing human variation without the 

time-based or state-dependent behavior (Akyol & Baykasoğlu, 2019; Vilà & Pereira, 

2014). 

Several extensions add considerations for labor cost which further differentiates 

ALWABP from traditional ALB models. The models with worker skill diversity include 

processing capability and also wage differences or contract structures. Each worker will 

have a specific labor cost and allows for the optimization to explore trade-offs between 

assignment efficiency and the cost performance. Faster or more flexible workers will 

reduce cycle time or the required number of workstations but at a high cost, where lower-

cost workers can increase cycle time and require more workstations in order to balance 

the line. Cost-based ALWABP models help decision makers balance productivity 

objectives with labor cost in high labor production systems (Yilmaz, 2021). This places 

ALWABP in the decision-support modeling frameworks that connects the operational 

requirements with economics and not a purely technical ALB. 

Worker skill diversity greatly increases the complexity of the ALB problem. ALWABP 

variants inherit the NP-hard conditions of the classical ALB problems but also have 

additional combinatorial complexity due to the worker-task-workstation assignment 

decisions. The number of binary variable and constraints increases quickly with problem 

size specifically when qualification matrices are included. The exact solution methods, 

which are formulated through MILP, are computational costly in real-world scenarios 
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(Akyol & Baykasoğlu, 2019; Moreira et al., 2015). Much of the research into ALWABP 

focuses on heuristics, metaheuristics, or hybrid models that potentially trade optimality 

for computational efficiency and practicality.  

ALWABP have an increased realism over other ALB methods, but they are still static 

representations for single-period analysis. The majority of models have a fixed workforce 

assumption where the skills are stable and there is no turnover so worker availability is 

constant over time. The effects of learning are embedded in the static task time 

parameters instead of evolving and worker absenteeism is rarely considered. This 

perspective is a simplified formulation and solution but limits the real-world production 

system applications where workforce impacts are critical to system performance. 

ALWABP models primarily address a single-period design or rebalancing instead of 

being adaptive for detailed time-phased decision-making. 

2.3.3 Algorithms and Solution Techniques 

Introducing worker skill diversity significantly increased the computational cost and 

complexity of ALB. Classical SALBP variants are already NP-hard, the ALWABP 

expands the problem structure to couple the task assignments with the worker-task 

capability. Therefore, feasibility is no longer determined by the task precedence 

relationships and workstation capacity, but by whether a specific worker can perform a 

task within the required cycle time. This grows the search space combinatorially as the 

number of workers, tasks, and workstations increases which exceeds the station-centric 

ALB models. Even modestly sized ALWABP models are computationally challenging 

due to the significance in the number of binary worker-task-station variables (Vilà & 

Pereira, 2014). Dominance rules and bounding procedures drive complications to the 

ability to ensure feasibility constraints that account for variable skill (Ritt & Costa, 2018). 
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This inherent complexity is the main reason ALWABP has evolved as an algorithmically 

rich problem class rather than one dominated by polynomial-time solutions. 

Exact solution methods have been proposed to guarantee ALWABP optimality where the 

size is limited. The approaches extend branch-and-bound methods for MILP formulations 

originally developed for SALBP by introducing additional binary variables for the 

worker-task-workstation assignments. Optimality is preserved through tight precedence, 

assignment and cycle time constraints by enabling precise trade-off evaluations that are 

brought by the worker skill diversity (Vilà & Pereira, 2014). These exact methods 

provide theoretical guarantees and are valuable for performance benchmarking of 

heuristics and analyzing smaller instances. But due to the fact that computational cost of 

these models increases with problem size they are typically impractical for real-world 

applications of ALB with dozens of tasks and workers. Exact approaches are primarily 

used for verifying and validating methodologies and not deployment.  

Heuristic and metaheuristic methods are primary solution strategies of ALWABP due to 

the scalability constraints. Heuristics aim to construct high-quality solutions without 

exploring the full solution space by exploiting the problem structure. The main strategies 

include priority rules to sequence tasks based on precedence, workload, or the worker 

compatibility and the constructive heuristics that incrementally perform the worker-task-

workstation assignments. Random search are frequently added to algorithms to promote 

solution diversity and escape local optima. These approaches yield near-optimal solutions 

without the computational cost needed for exact solution methods (Akyol & Baykasoğlu, 

2019). The robustness of this method is confirmed for a wide range of the benchmark 

instances (Chaves et al., 2009). Heuristics are not merely approximations but practical 

necessities that enable decision makers to find feasible solutions given realistic time 

constraints. 
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Metaheuristic algorithms enhance the scalability through structured exploration of large 

and complex nonconvex solution spaces. Genetic algorithms, tabu search, and artificial 

bee colony optimization techniques have been incorporated for ALWABP by adding 

worker-task-workstation assignments into the flexible solution representations (Karas & 

Ozcelik, 2021; Pastor et al., 2002; Zaman et al., 2012). These methods allow the 

algorithm to navigate the complex feasibility regions brought by worker skill diversity 

while balancing the intensity and diversification in the population-based or memory-

based algorithms. Metaheuristics consistently outperform the simpler heuristics on the 

large scale instances when the task time variability and worker-task capability are 

pronounced (Chaves et al., 2009). These approaches reflect the maturity of the ALWABP 

literature because solution quality and computational cost are more important than 

provable optimality.  

Hybrid methods combine the mathematical programming with the flexibility of heuristics 

to improve solution quality and computational cost. These methods, sometimes referred 

to as matheuristics, embed exact solutioning, MILP subproblems or relaxation bounds, 

within the heuristics and metaheuristics. Problem decomposition can isolate worker 

assignments from task sequencing which reduces computational cost but keeping the 

critical structure of the problem.  

Hybrid methods are an important step toward more realistic decision-support tools as 

they incorporate the rigor and adaptability of real-world problem spaces. However, these 

methods continue to assume fixed inputs and a single planning horizon, this limits their 

responsiveness to workforce disruptions seen in these production systems. 

Most ALWABP solution techniques are rooted in static, single-period solutioning even 

with the substantial algorithmic advances. Worker capability matrices are typically fixed 

which means that balance is assumed to remain valid across the planning horizon once 

the solution is found. Existing algorithms do not have the necessary reoptimization 
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triggers and do not model the workforce changes because of learning, forgetting, attrition, 

or absenteeism. The dominant solution spaces are for one-time optimization and not 

adjustments for continuous evaluation or discrete-events. In production systems, these 

limitations are important when attrition is accounted for because maintaining assembly 

line balance requires rapid backfilling decisions or a potentially costly reoptimization. 

2.3.4 Worker Availability and Turnover Incorporation 

Worker availability is recognized as a factor in modeling assembly production systems. 

In these systems absenteeism, shift scheduling, and partial workforce availability can 

disrupt the planned line balances. Several studies acknowledge that well balanced task 

assignments can become infeasible if workers become unavailable, even temporarily. 

Most models and methods have availability treated as an external factor of the system 

dictating which workers can be assigned during the planning period instead of an inherent 

factor of the assembly production system. In reduced workforce scenarios, where a subset 

of workers are unavailable, the feasible reassignment of tasks was performed with the 

remaining labor pool (Liu, Liu, et al., 2019). Other research incorporates shift-level 

availability constraints restricting assignment feasibility due to time-based coverages and 

not merely skillsets (Eiselt & Marianov, 2008). These approaches show awareness of 

workforce caused disruptions to the system but worker availability is modeled as binary 

and deterministic and does not account for the underlying causes or that is occurs at rates 

seen in the BLS data. Availability is acknowledged as a constraint on the feasibility of the 

problem but not integrated as an inherent changing amount of uncertainty that effects the 

system over time. 

Research extends this idea by incorporating stochastic worker availability into 

assignment and scheduling models. In these models and methods, the worker availability 

is treated as a probabilistic model typically through Bernoulli parameters or scenario-
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based absenteeism representations. Stochastic models with multiple availability scenarios 

are evaluated to estimate expected performance metrics such as cycle time, throughput, or 

service level (Liu, Liang, et al., 2019). The embedded probability enabled the robustness 

of these approaches while capturing the randomness of the absenteeism, but not long-

term workforce changes due to attrition and replacement or learning. Availability 

uncertainty is treated as a single time disturbance rather than a consistent impact of 

workforce variation. 

Simulation-integrated approaches offer flexibility for evaluating the workforce variation 

that lacks in the static optimization models. DES is used to inset worker availability 

disruptions into ALB which allows the observation of the operational impacts without 

reformulating the underlying assignments. Simulation can capture the system 

performance effects of worker availability which includes throughput degradation, 

queueing, and increased cycle time variability (Dagkakis et al., 2019; Musliu et al., n.d.). 

These methods are effective for stress-testing static line designs and sensitivity analysis 

for the assembly line under disruption scenarios. However, there is typically rule-based or 

fixed decision logic for the worker reassignment and simulation models rarely optimize 

as an adaptive response to a changing workforce. While DES provides value as an insight 

tool for performance change over time, it will not directly support optimal rebalancing or 

workforce intervention decisions. 

Long-term workforce attrition and the disruptions caused remains largely unmodeled in 

ALWABP models and methods. Existing models typically assume that workers remain 

available after the initial assignment and go unchanged, along with their skillset, through 

the planning period. Learning effect, when considered, are do not consider forgetting or 

resets when workers depart, and the skill loss of worker attrition is not represented. 

Replacement workers are treated as immediate, equivalent substitutes or ignored, 

modeling turnover as a one-time availability disruption instead of one that takes time to 
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resolve, if ever. This simplification limits the applicability of the ALWABP models in 

manual assembly production systems where employees have high attrition. The research 

is unresolved on how assembly lines should adapt under continuous workforce changes 

as there is an absence of modeling these specific events, which requires the need for a 

decision-support model which integrates availability, learning, and turnover. 

2.3.5 Cross-Training in ALWABP 

Cross-training is extensively documented as a means to increase workforce flexibility in 

manual assembly production systems. Training workers to perform multiple tasks or 

work across workstations provides coverage against short-term absences and moves to 

eliminate the reliance on a single worker. The intent of the flexibility is to lessen the 

bottleneck sensitivity by reconfiguring task assignments in the face of workforce 

disruptions and improving the resilience of the assembly operations. Cross-training is 

characterized as a managerial lever for absorbing the human-centric availability and 

performance variability without changing the ALB (Marentette et al., 2009). In practice, 

cross-training is frequently advocated for as it is a proactive investment that enhances 

robustness in production systems that are subject to workforce instability. Therefore, it is 

typically position as a complement to ALB rather than a substitute for a redesign.  

Determining the mix between specialists and generalists is an important balance when 

planning the system workforce. In production systems, specialists will achieve high 

efficiency on tasks, this creates a high-performing and stable assembly line. Whereas 

generalists provide a robust task coverage but at a reduced speed and consistency. This 

trade-off has been formalized to demonstrate that the optimal composition between the 

two depends on the relative costs of inefficiency against disruption (Buchen et al., 2021). 

This trade-off reflects the balance between the expected performance and exposure to 

operational risk. From the perspective of ALWABP, that trade-off is aligned in objectives 
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as worker skill diversity influences both the feasibility and the performance of the 

system. 

Cross-training is incorporated in the ALWABP literature as an expanded worker-task 

capability matrix. Worker qualification is the binary parameter that indicates when a 

specific worker is capable to be assigned to a task, the addition of cross-training is 

modeled as an external influence on the capability set. This approach is evaluated to 

determine the performance benefits of expanded skill coverage when the operating 

conditions vary (Dagkakis et al., 2019). However, worker skillsets are still static over the 

planning period and there are no differentiations made for newly trained or experienced 

workers in the system. Cross-training is therefore treated as a fixed structure in the model 

and not a dynamic capability that requires reinforcement or is subject to decay. 

Existing ALWABP models and methods do not capture the interactions between cross-

training and worker attrition over planning periods. One time training investments are 

assumed to hold regardless of assignment and turnover. But when workers leave the 

system, the associated learning for their assigned tasks is lost. Replacement workers are 

typically assumed to have the same skills to meet the same productivity expectations 

immediately, which neglects learning in the system. These limit the applicability of 

current ALWABP models to evaluate the long-term performance of workforce strategies 

under uncertainty of sustained attrition. 

2.3.6 Summary and Gaps 

The ALWABP literature is a major advance in the modeling of human-centric ALB by 

extending the classical SALBP formulations and adding the required worker skill 

diversity required in manual assembly systems. By incorporating worker-task capability 

and task times that depend on skills, these are more realistic models for manual assembly 

production systems where the individual capability directly influences system 
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performance. The current research has developed robust methodologies under MILP, 

metaheuristics, and hybrid approaches that address the complexity of these problems and, 

as a result, ALWABP is a well-researched area.  

Although progress has been made, most ALWABP models and methods remain static. 

Workforce composition and skill diversity are assumed to be fixed and this means that 

learning and forgetting are excluded as ALB is treated as a single-period optimization 

and not an ongoing operations problem. Workforce disruptions, absenteeism or attrition, 

are omitted or handled within the model and therefore limiting the applicability of these 

models in production system environments that have workforce turnover or learning and 

forgetting as part of the capability.  

The literature does not explicitly involve the dynamics of rebalancing in response to 

attrition caused impacts to system capability. There is no representation of the decision 

required when a loss of a worker causes a gap in the knowledge of the assigned tasks 

compared to a new or cross-trained replacement. This motivates the need for a decision 

support framework that extends ALWABP into adaptive workforce planning with 

uncertainty rather than a static optimization, which is the foundation of the methodology 

detailed in Section 3. 

ALWABP is a positive shift over the classical ALB models and methods where the 

production system designs require decisions on layout, workforce, and demand. In these 

systems, worker assignment and balancing are operational decisions that need to adhere 

to system-level objectives like stability, cost, or flexibility and are not just optimization 

problems. Literature on manufacturing systems discuss manual assembly processes being 

critical to the delivery of products that require flexibility, mass-customization, and 

dexterity (Gershwin, 2018). The modeling choices made at the ALB level are directly 

influencing the higher-system performance which reinforces the need for decision models 

that reflect workforce dynamics under real-world uncertainty. 
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Recent literature on advanced manufacturing are frames through the lens of Industry 4.0 

and, recently, Industry 5.0 which focuses on the digitalization and connectivity of 

systems. These archetypes are highlighted by increased automation and data while 

affirming the importance of skilled human labor in complex assembly production systems 

(Bajic et al., 2021). Instead of eliminating workforce uncertainty, digital manufacturing is 

focused on truly understanding it with frequent intervention tactics, tighter performance 

monitoring, and rapid disruption root cause and corrective action. Decision makers are 

required to choose when and how to intervene with a reoptimized rebalance or simply 

backfilling even with imperfect information about the worker’s capability or availability. 

This shift aligns with the decision frameworks where the focus is not solely on 

optimization under uncertainty but taking action with evolving uncertainty. 

2.4 Synthesis of Literature and Research Direction 

Manual assembly production systems have inherent variability due to the dynamics of 

being human-centric and being prone to disruption. The literature on ALB and the 

worker-specific extensions have expressed understanding of worker skill diversity, skill 

specific assignments, capability matrices, and many algorithmic techniques for 

solutioning. Deterministic optimization, heuristics and hybrid models, and simulation-

enhanced methods provide a powerful toolkit for analyzing these systems under stable, 

single-period conditions. Worker learning, forgetting, absenteeism, and availability 

changes are time-dependent uncertainty and are fundamental challenges to the static 

assumptions that exist in most models. Prior research offers strong structural insight into 

how assembly production systems are balanced, but do not provide guidance on the 

evolution of the balancing where the worker capability and composition change over time 

(Dagkakis et al., 2019; Escudero et al., 2017; Jones, 2021; Rahal et al., 2021). 
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There is extensive research but critical decision gap still remains. The existing models are 

focused on the optimization allocations (worker-task-workstation) with assumptions of 

cycle time and performance rather than on the decision support required to effectively 

manage through uncertainty. The research does not discuss the triggers for rebalancing, 

or whether reoptimization is necessary after the disruption to the workforce, or what that 

value of reoptimizing and rebalancing does to the uncertainty overtime. The managerial 

decision to reassign, backfill, or cross-train are discrete system interventions made with 

incomplete or limited information under cost and schedule pressure. The decision is not a 

continuous optimization but hourly to daily choices that are a trade-off between the risk 

to stability and performance. This decision level requirement is limited in the ALWABP 

models and methods. 

This work adopts a methodology that uses optimization as a managerial intervention and 

not the default state. The model implements worker attrition as a stochastic shock to the 

system, learning as an evolution of worker performance, and individualistic skillsets. 

There are competing response strategies to the uncertainty, reoptimize or backfill, which 

are evaluated on their performance. There is no single optimal line balance result, the 

model is designed to assess the conditions under which managerial intervention is 

justified. 
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3. Methodology 

When configuring and designing a manual manufacturing production system, Assembly 

Line Balancing (ALB) is required to optimize the assembly process (Sotskov, 2023). 

Maximizing the productivity of the assembly line becomes more critical under the 

uncertainty of the new product lines or when new workers enter a system. Production 

system designers and manufacturing systems engineers need to develop methodologies to 

account for the variability of the assembly tasks being assigned. These methodologies 

include optimization and simulation using distributions for tasks times based on the 

expected time and learning curve of the workers’ performing tasks. Due to large impact 

of the worker performance on the underlying cost of the system, worker performance 

uncertainty becomes central to profit-loss, delivery/throughput patterns, and new product 

development. Therefore, a systematic approach to worker assignment and workload 

balancing becomes critical to the overall system and the performance data becomes the 

central requirement. 

3.1 Datasets 

The dataset that will be used for this study comes from the Benchmark Data Sets by 

Scholl (1993). This data is widely used in the research community for benchmarking 

various algorithms that are designed to solve various assembly line balancing problems, 

which focus on efficiently assigning tasks to workstations in production line to meet 

certain objectives, whether it be minimizing the number of workstations or idle time.  

3.1.1 Importance of Benchmark Data Sets by Scholl (1993) 

The datasets are a part of Scholl’s efforts to develop a standard set of test problems that 

can be utilized to evaluate and compare different algorithms. They have become the 

standard tool for comparing ALB algorithms, where researchers using the datasets can 

ensure their algorithms are tested on commonly recognized problems and therefore the 

results can be compared to other works in the field both exact (e.g. brand-and-bound) and 
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heuristic methods (e.g. genetic algorithms). As new algorithms are developed, the 

benchmark datasets help track the progress and effectiveness of solutions to the ALB and 

influence the development of more sophisticated algorithms for research in academia and 

industry. The benchmarking datasets are based on real-world scenarios in manufacturing 

and production settings. These are test cases are designed closely resemble the types of 

assembly line found in automotive manufacturing, consumer electronics, and appliance 

assembly. The datasets available involve tasks (n=20, 50, 100, 1000) each with a 

processing time and the precedence constraints of those tasks, see Table 3.  

Table 3: Scholl Datasets with Task Time Statistics 

Dataset Instances Min Sum of 
Tasks Time 

Average 
Sum of 
Tasks Time 

Max Sum 
of Tasks 
Time 

Standard 
Deviation 
Sum of 
Tasks 
Times 

n=20 525 1891.0 5845.3 11578.0 3057.9 
n=50 525 5585.0 14367.0 27684.0 7794.7 
n=100 525 11951.0 28636.4 53761.0 15493.5 
n=1000 525 130455.0 286920.2 509585.0 155446.1 

 

The precedence relationships between tasks require that some tasks must be completed 

before others can start and are critical in forming valid assembly lines. The typical types 

of problems the datasets are applied to are Simple Assembly Line Balancing Problems 

(SALBP) where the objective is to balance the assembly line given set of tasks to either 

minimize the number of workstations (SALBP-1) or minimize the cycle time over a fixed 

number of workstations (SALBP-2). (See example dataset in Appendix 2) 

3.1.2 Benchmark Datasets of Scholl (1993) Application 

This research uses the n=20 benchmark dataset instances to determine number of 

workers, assign tasks, and balance the production line. The n=20 instances are used 

specifically for model verification and validation because of their manageable size which 

allows for a complete and thorough examination of the reoptimization and backfilling 
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strategy results including constraint adherence, optimization performance, and 

workstation assignments. These instances also support rapid iteration cycles, making it 

possible to identify and fix modeling errors, adjusting solver parameters like branching 

strategies and presolve techniques, and establish confidence in the final model used to 

find results and allowing for controlled experimentation. 

The n=20 datasets are implemented through a structured data processing pipeline, which 

utilized Python’s PuLP optimization framework. The datasets, formatted as .txt files, are 

read and parsed to extract key parameters such as the number of tasks (n=20, 50, 100, 

100), task times (time expected for each task), cycle time (the workstation time 

associated with a balanced line), order strength (Add what this means), and precedence 

relations (which jobs must complete before another). Each task is classified under 

specific skill categories (Electrical, Structural, and Test), and the skill’s associated 

learning curve. In real-world production systems task assignments are planned to 

accommodate diversity in skillsets and capability, distinguishing between specialists and 

generalists across the Electrical, Structural, and Test domains. These classifications serve 

as representative examples of skill categories which can be added to or changed to 

accommodate the production system under evaluation. 

A key aspect of the model set-up is estimating workforce requirements by evaluating the 

total duration of each instance, while balancing the quantity of specialists and generalists. 

Workers are initially assigned to one of the specialties (Electrical, Structural, or Test). 

Then, each worker has a 50% chance of being designated as a specialist, which limits 

their capabilities to tasks within their specialty only. This 50% specialization rate was 

selected to emulate a moderately generalist nature of the workforce seen in low-volume 

manual assembly systems.  This enables the simulation to have some realistic workforce 

learning, where worker efficiency improves with task repetition according to empirically 

derived learning curve factors.  
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To determine the appropriate number of workers required for task execution, total task 

time is first aggregated and divided by the available production flow time, set at 20 

manufacturing days and eight (8) working hours in a manufacturing day. To account for 

the available time of the workers, there is a utilization of 85% set to account for personal 

time, fatigue, and other delays. This approach to worker availability aligns with realistic 

production constraints, balancing efficiency within the workforce. 

The task times that are in each instance are established as the “steady-state” task times, 

denoted as "Time" in the relevant figures. For specialists, the steady-state time is 

referenced as T-50, while for generalists, it is set at T-75. Learning curves play an 

essential role in defining the expected "initial" time required for task completion. The 

worker-task execution time decreases as a function of prior repetitions according to: 

𝑇!"(𝑛) = 𝑇!"(0) ∗ (𝑛)b!" (1) 

Where b!" is the task-specific learning exponent, n is the number of times the task t has 

been performed by the worker o, 𝑇!"(0)  is the initial task t time for worker o, and 𝑇!"(𝑛) 

is the task t time for worker o at n. This approach is consistent with empirical studies 

such as Badiru and Ijaduola (2009), who apply similar formulations in human 

performance modeling. The model incorporates separate learning curves for specialists 

and generalists, changing the task times as the worker performs the task. These curves are 

tailored to distinct work categories (See Table 4), and provide a detailed representation of 

workforce learning over time. To ensure accuracy in these projections, Delionback’s 

research on learning curve and improvement was used, which provided even more 

credence for implementing the datasets for this methodology. 
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Table 4: Learning Curve Data by Skill Type 

 

Learning 

Curve Percent 

Learning 

Exponent (𝛽) 

Specialist 

Standard Unit 

Generalist 

Standard Unit 

Electrical 93% -0.10 50 75 

Structure 95% -0.07 50 75 

Test 86% -0.22 50 75 

 

The model aggregates task times for each worker and product, capturing overall 

production performance across each of the 100 production units. Analyzing the combined 

effects of learning curves and worker-task assignments provides insights into workforce 

strategies, particularly the balance of specialization and workforce flexibility. 

The processing time is also a consideration of the n=20 instances selection. The datasets 

with greater number of tasks required processing capability beyond the Apple M2 chip 

that is used for the research. The use of high-power computing options was made 

available, and the n=100 datasets are tested using the same code. Even with the high-

power computing options, the processing time of the optimization exceeds the limitations 

of the computing resources. This is a direct result of the exponential increase in the 

constraint complexity and solution space both of which will impact the computational 

cost. Another impact to solution time is the increased number of possible task to 

workstation assignments growing combinatorially, as does the number of possible 

precedence constraints. Additionally, memory consumption becomes a major bottleneck, 

as larger constraint matrices demand greater system resources. Each of these adds layers 

of complexity to an already complex system, requiring advanced heuristics or 

decomposition techniques to improve efficiency as discussed in Section 2.3.3. 

Beyond computational costs and issues, the scalability of exact solution methods, such as 

Mixed-Integer Linear Programming (MILP), becomes impractical for n=50, 100, or 1000. 
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The combinatorial increase in possible assignments means that exact solvers may 

struggle to converge within reasonable time limits, regardless of the computing resources 

available. Additionally, as discussed in the Literature Review, the inherent structure of 

high-task-quantity AWLABP requires alternative solution approaches, such as heuristic 

and metaheuristic algorithms (e.g., Genetic Algorithms, Simulated Annealing, or Tabu 

Search), to efficiently provide near-optimal solutions.  

Dividing the larger datasets into manageable subproblems can be achieved 

mathematically through parallel computing and distributed optimization techniques. This 

can also be done in real-world scenarios by decomposing the entire production system 

into smaller control points with set configurations of assembly and quality check points. 

By doing so, this allows for reducing the combinatorial impact of the problems and 

potentially solves multiple local optimal solutions rather than a global optimal solution. 

These alternative methodologies would allow for the practical application of 

optimization-based approaches to real-world production line balancing scenarios without 

the computational cost. 

These limitations highlight the challenges of scaling up ALB problems. Realizing the 

need for efficient algorithms, appropriate decomposition, or parallel computation 

strategies when handling real-world, large datasets. 

3.2 Problem Solving Model Coding Approach  

Optimization models for ALB problems are commonly formulated as linear programming 

(LP) or mixed-integer linear programming (MILP) models. In recent years, Python has 

emerged as a preferred programming language for implementing optimization solutions, 

with PuLP and Gurobi being among the most powerful tools for solving these problems. 

There are advantages of using Python as the programming language, PuLP as the 

optimization modeling library, and Gurobi as the solver, and all emphasize their ease of 

transition from research to real-world applications. 
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3.2.1 Python 

Python has gained widespread adoption in the optimization and operations research 

community due to its easy syntax, readability, extensive libraries, and ease of access to 

critical raw data. Developing the model in python provides an easy transition from 

research applications to industry use. Python's simple and intuitive syntax allows 

researchers and practitioners to quickly develop, test, and deploy optimization models 

without requiring deep expertise in programming. Integrating the key python libraries 

such as NumPy, Pandas, and Matplotlib, allows for data preprocessing, data and results 

visualizations, and automating the optimization tasks. Python ensure the model can easily 

scale from the academic research example and into the large applications required for 

industry. The code is available in Appendix 3. 

Utilizing python addresses the challenges of extending academic research into real-world 

industry applications, which addresses one of the major challenges in operations research. 

During model development python provides extensive debugging tools to make it easy to 

find and identify issues which can affect model formulations and feasibility. Python can 

integrate the libraries users need to prepare and clean datasets pulled from real-time data 

from manufacturing execution systems (MES) and enterprise resource planning (ERP) 

tools. This integration allows for direct connections to databases, automation tools, and 

cloud computing resources which allows for configuration control of models and refining 

data as time progresses. 

3.2.2 PuLP 

PuLP is an open-source Python library designed for formulating and solving linear and 

mixed-integer optimization problems. It has both the ability to formulate problems 

explicitly and solve, which makes it a perfect choice for both the ALB academic research 

and industrial applications. PuLP allows for the ease of defining variables, constraints, 

and the objective function which makes the formulation readable and easy to maintain. 
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The solve function allows for use of multiple solvers both open source and (CBC, GLPK) 

and commercial (CPLEX, Gurobi) which allows for flexibility in the selection based on 

the needs and wants of the users. The ALB constraints, precedence, cycle time, and 

resource capacity, can be clearly defined within the structured format. Since PuLP is an 

open-source solution it is freely available and accessible for researchers and industry 

users. 

3.2.2 Gurobi 

Gurobi is described as one of the most powerful commercial solvers for LP and MILP 

problems. They offer state-of-the-art performance and scalability for solving large-scale 

optimization problems, including ALB problems. They apply advanced algorithms and 

parallel computing to ensure quick, optimal solutions. Gurobi integrates with both python 

and PuLP, which allows for users to formulate models using the PuLP in python interface 

and leverage Gurobi’s solving capability. Users can adjust the parameters, such as 

solution tolerance, and apply heuristic methods to improve solution times.  

The universal applications of python combined with PuLP’s straightforward model 

formulation and Gurobi’s computational performance make this the appropriate 

combination for this research and its extension into real-world applications. Transitioning 

models from theoretical applications to industrial-scaled assembly lines ensures 

effectiveness in driving improved performance in assembly lines. The following section 

presents the implementation of the proposed methodology, showcasing the application of 

Python, PuLP, and Gurobi in solving an assembly line balancing problem. 

3.3 Line Balancing Models and Methods 

The method is broken down into three sections: Simple Assembly Line Balancing 

Problem-1, Assembly Line Worker and Line Balancing Problem, and the Discrete Event 

Simulation. The first is the solution to the initial problem the production system will have 

to evaluate: Simple Assembly Line Balancing Problem-1 (SALBP-1). This is solved first 
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to ensure that under the steady-state conditions how many workstations will be requires 

and how the work will be balanced, therefore the production system will be balanced and 

throughput will be consistent. The second part of the problem is the Assembly Line 

Worker and Line Balancing Problem (ALWBP). This is where the initial worker to task 

assignments occurs. There is a re-evaluation of the jobs assigned to work stations to 

ensure a balanced line and minimized the movement of assembly line workers (workers) 

across workstations. Next is the manufacturing simulation, this is the production unit over 

production unit evaluation of the Worker performance of the tasks, this is where the 

implementation of the Learning Curve and Non-conformances as simulated to find the 

true performance of the task by the workers over time. Once the initial simulation is 

completed, there is an evaluation to determine if any workers exit the system. If there are 

worker exits, the system will hire new at the top of the learning curve and resolve the 

ALWBP again, this loop continues for 100 production cycles to see the impacts of the 

worker attrition on the overall performance and the ability to meet the time standard set 

by the datasets. 

3.3.1 Simple Assembly Line Balancing Problem – 1 

Simple Assembly Line Balancing Problem-1 (SALBP-1) is the foundation of optimizing 

the steady-state assembly line which will be used to determine the number of required 

workstations. The steady-state is defined as the task times from the benchmark datasets. 

This approach ensures that workstations are appropriately sized for the steady state, 

acknowledging that time will be required to transition from the initial state. The facility 

should, however, be built for the steady state production. Therefore, it is fundamental to 

acknowledge and understand the steady state plans for workstations and workers. Sizing 

operations for a development cycle or low-rate initial production will leave the system in 

excess space and resources upon the achievement of steady state production. While the 

space and resource requirements can be tight in the early phases, steady state comes 
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quickly and ensures the process is undeterred from the optimal build process. SALBP-1 

provides pure guidance from the outset of the analysis on the target solution of the 

problem which is the ability to perform the tasks at baseline (benchmark) times within the 

workstations available. The objective is to minimize the total number of workstations, yw, 

while adhering to precedence and work balance constraints. By leveraging SALBP-1, the 

goal is to achieve the most streamlined and efficient assembly line configuration at the 

steady state, which can serve as a reference as workers progress down the learning curve. 

 

Data: 

T = {1,…,n}  set of tasks; 

W = {1,…,n}   set of workstations; 

pt    processing time of task t; 

CT   Total Cycle Time of the Work Station; 

prec(t)   Predecessor tasks of task t; 

 

Variables: 

xt,w Î{0,1}  equal to 1 if task t is assigned to workstation w; 

yw Î{0,1}  equal to 1 if workstation w is active; 

 

Model 3.1: 

𝑴𝒊𝒏𝒊𝒎𝒊𝒛𝒆0 𝐲𝐰

𝑾

𝒘&𝟏

∗ 𝒘 (2) 

 

 Subject to 
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0𝒙𝒕,𝒘 = 𝟏	∀	𝒕 ∈ 𝑻
𝑾

𝒘&𝟏

 (3) 

0𝒑𝒕 ∗ 𝒙𝒕,𝒘 ≤ 𝑪𝑻 ∗ 𝒚𝒘∀	𝒘 ∈ 𝑾
𝑻

𝒕&𝟏

 (4) 

0𝒘∗ 𝒙𝒕,𝒘

𝑾

𝒘&𝟏

≤ 0𝒘 ∗ 𝒙𝒕#,𝒘

𝑾

𝒘&𝟏

∀(𝒕, 𝒕+) ∈ 𝒑𝒓𝒆𝒄(𝒕) (5) 

 

 

The objective function (2) is to minimize the number of workstations in the production 

system. Constraint (3) is to ensure each task is assigned to one and only one workstation. 

Constraint (4) ensures that the workload in the workstation does not exceed the 

predetermined cycle time of the takt period assigned to that workstation. Finally, 

constraint (5) ensures that predecessor relationships must be upheld, therefore each task t 

has successors t’ that must complete in the same or a subsequent workstation. The model 

is solved using Gurobi with an optimality gap to ensure computational efficiency. 

3.3.2 Assembly Worker Assignment and Line Balancing Problem (AWALBP) 

Upon system initialization or when turnover disrupts the system the second mixed-integer 

linear program assigns workers to tasks through a skill-based ALWABP. In this 

optimization, worker skillset, availability, and the worker-task specific durations adjusted 

for learning are all taken into account. 

 

Data: 

O = {1,…,w} Number of workers in the system, calculated by the sum of task 

times divided by 6.8 hours per day, divided by 20 manufacturing 

days per month; 

T = {1,…,n}  Number of tasks in the instance under evaluation; 
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Po,t   Current expected task time (account for Learning); 

qo,t Î{0,1}  Equal to 1 if worker o is qualified for task t; 

qo   Minimum required workload for worker o (e.g., % of full shift); 

 

Variables: 

ao,tÎ{0,1}  Equal to 1 if worker o is assigned to task t; 

 

Model 3.2: 

 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒	00𝑃!," ∗ 𝑎!,"

,

"&-

.

!&-

 (6) 

Subject to 

0𝑎!," ≥ 1	∀	𝑡	𝑖 ∈ 𝑇
.

!&-

 (7) 

𝑎!," ≤ 𝑞!,"∀𝑜	𝑖𝑛	𝑂, 𝑡	 ∈ 	𝑇 (8) 

0𝑃!," ∗ 𝑎!,"

,

"&-

≥	𝜃!∀	𝑡 ∈ 𝑇 (9) 

 

The objective function (6) is to minimize total expected worker workload, accounting for 

skill-based task times. Constraint (7) is to have every task assigned to at least one worker; 

some tasks are significant time required and therefore require more than one worker. The 

next constraint (8) ensures that the workers are qualified to perform the task. Finally, 

constraint (9) minimizes workers' idle time by ensuring each worker is assigned work that 

meets or exceeds the threshold q. The threshold is set at a % of the total manufacturing 

day. The model captures reduced task durations from worker learning curves, excludes 
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workers lost to attrition, and is solved using Gurobi with an optimality gap to ensure 

computational efficiency. 

3.3.3 Simulating the Production Environment 

n order to evaluate the system performance of the decision framework in realistic 

workforce attrition scenarios, a DES is performed to evaluate the worker learning, 

attrition, and the dynamic reassignment over 100 production units. The initial model 

assumption was a takt period of 20 manufacturing days, therefore the period of 

performance is 100 months (a little over 8 years). The worker attrition events are 

stochastically generated using a Poisson process with rate λ, representing the expected 

separations in the takt period. The rate λ is based on BLS 2024 separation rates (3%) 

times the totally number of workers in the system (e.g., a scenario of 100 workers would 

have a λ = 3). The total standard time associate for the 525 Scholl ALBP dataset 

repository (Benchmark Data Sets by Scholl (1993) – Assembly Line Balancing, n.d.), 

n=20 instances range from 1891 to 11578 hours across 20 tasks. Table 5 displays the key 

statistics for the n=20 instances, along with expected monthly attrition, calculated from 

the instance task times. 

Table 5: n=20 instances Worker & 3% Attrition Statistics 

n=20 Instances Min Max Median Average 

Number of Workers 14 86 35 43.5 

Expected Monthly 

Attrition (λ) 0.42 2.58 1.05 1.305 

 

Each discrete-event in the simulation is a production completion where the worker-task 

associated times are adjusted based on the learning curve, using Wright’s Model which is 

an exponential decay function. Task variability was added to the expected task times 

using a normal distribution with a standard deviation of 50% for generalists and 25% for 
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specialists, accounting for the specialist domain expertise by reducing variability. The 

task complexity, which is measures by its proportion of the total assembly time, informs 

the model of a probability of a non-conformance on the task. If a nonconformance is 

added to the model, a time penalty is added. Each of these statistics is recorded and stored 

for evaluation of the production run. 

3.3.4 Worker Attrition and Backfill Modeling 

Real-world workforce planning models integrate multiple elements beyond attrition and 

learning, including promotion, retention, and scheduling for future staffing requirements 

(Peck, 2025). Research of employee attrition also shows that it is influenced by 

organizational and individual factors like compensation, job level, and work place 

environment all affect the stability of the workforce (Raza et al., 2022). Regardless of the 

reasons that motivate the attrition, the attrition occurrence in the production system is a 

discrete loss of capability within a defined time frame. Therefore, attrition is a discrete 

event that is counted during an interval of time, a Poisson-distributed random variable is 

the appropriate model application. These random variables are calibrated to the attrition 

rates observed in industry, as well as to elevated values of 3% and 7.5%, respectively. 

Since the manufacturing rate is set monthly, which serves as the basis for the attrition 

rates, attrition occurs at the system's throughput point. This approach captures the true 

impact of a departing worker in the middle of a production run while also accounting for 

the planning and onboarding of the new workers. 

Workers who leave the system are replaced using the predefined backfilling strategy. 

These new workers have reset learning curve parameters based on being entirely new to 

the system and tasks. The backfill will also have higher time variability due to being new 

and an increased risk of non-conformance generation during the initial learning period. 

Both reflect the real-world implementation of a new worker introduced to a system. 
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To reflect the hiring practices focused on previous workers or workers from the same 

sector, the simulation can assign a new worker with an experience factor. This experience 

factor can range from 0 to 15 (or maxed at the current production unit number) to adjust 

their effective learning curve factor. 

The backfill strategy is an important workforce strategy in real-world production systems. 

This strategy maintains continuity of the remainder of the team when attrition has already 

disrupted the system. This strategy is essentially the minimum requirement when a 

worker leaves the system, and the tasks are still required to be completed. When new 

workers are on-boarded, a higher probability for task time and quality issues to increase 

the overall production time are captured by the model. The data collection allows for 

evaluating the different attrition percents and team sizes by comparing the performance 

metrics. These comparisons reveal the compounding cost of high attrition environments 

and underscore the importance of strategic workforce planning. It is understood that 

higher attrition rate will increase the task variability and non-conformances but will also 

place greater demand on veteran workers that need to compensate for the new worker 

inexperience. This is difficult to model other than increased variation of team 

performance when new workers arrive. This information shows the value of retention 

policies, cross-training, and early-stage learning becomes measurable and actionable. 

This reinforces the need to evaluate multiple strategies when facing attrition in low-rate 

manual assembly systems. 

3.4 Performance Tracking and Comparative Evaluation 

Part of the DES is a performance tracker. The metrics that are tracked include individual 

worker performance on tasks, learning progression at the worker and system level, non-

conformance rates across iterations, and the total hours to produce a unit. The two 

attrition response strategies are compared in each simulation, reoptimization and backfill, 

which means that individual workers will have different tasks assigned in the two 
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strategies. The purpose is to determine the true impact of the attrition response on the 

systems. 

The simulation output includes granular data for both specialists and generalists, task 

execution times under both strategies, and workstation-level metrics. This data is used to 

help determine the comparative analysis of the two strategies, how they react to 

workforce attrition, and if they can operate under real-world variation conditions. 

3.4.1 Assembly Worker Assignment and Line Rebalance 

In response to the discrete production and attrition events, the reoptimization or backfill 

strategies are enacted to rebalance the line with replacement workers. The backfill 

strategy assigns the new worker to the same tasks and workstations of the worker that 

exited the system. For the reoptimization strategy, the system examines potentially 

mismatched assignments and triggers a new ALB to initiate. the reoptimization objective 

function integrates the multiple perforamce considerations that have been tracked and 

accumulated during the DES, such as non-conformances, expected task times, observed 

completion times, and skillset and cross-training. The formulation uses a penalty term 

(”Big M”) scaled by the number of workstation reassignments and non-conformances as 

a regulation to ensure stability of the system unless a new configuration is a clear benefit. 

The purpose of the rebalance is to optimize the performance, but not overreact to minor 

inefficiencies. This supports a risk-averse system that will not execessively churn the 

production line worker-task assignments. The models constraints for this formulation 

mirror those from the initial ALWABP formulation, where each task is assigned to one 

workstation, precedence is upheld, and station workloads are completed within the 

steady-state cycle time requirements. There are also worker-specific constraints to ensure 

tasks are completed with the appropriate skill, and that worker-task data is updated from 

the results of previous iterations of the production run in the simulations. 
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The reoptimization strategy allows the model to continually respond to the impacts of 

workforce attrition, but also react to the inherent varation of the workers in the system. 

Perhaps some tasks initially assigned to generalists are causing too many 

nonconformances in the system and require the assignment of a specialist. These periodic 

reoptimizations allow for the rectification of the assignments because of previously 

unknown information. Embedding this capability within the simulation loop reflects the 

managerial ability to re-evaluate the worker-task assignments and allow for adjustment 

even if there will be a disruption across the team. When new information is realized this 

is when managers can react and decide what the best course of action is for the system, 

either at the local or global level. 

3.5 Methodology Remarks 

The methodology that is outlined in this section builds upon the SALBP-1 and AWLABP 

methodologies. Utilizing the datasets by Scholl, which ensures there is relevance and 

repeatability of the research, the formulation considers the task precedence, skill 

matching between workers and tasks, and workstation allocations at the steady-state, 

while minimizing the system inefficiency. 

The research shows that MILP is an effective and scalable approach to these complex 

challenges in the evaluation of a system under workforce uncertainty. Specifically, the 

formulation that is coded in python with support from the open-source library PuLP for 

the optimization, and the Gurobi solver to apply different heuristic methods to find timely 

solutions to reflect real-world requirements. Allowing the backfill strategy to be the 

warm-start solution for reoptimization provides a jumping off point that takes theoretical 

implementation to the real-world application.  

The model’s use of a capability matrix for the worker-task compatability is akin to 

training and skill matrices that exist in production systems. These matrices allow 

managers to know the skill and capability of their team. In this application, the matrix is 
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extended to include measures associated with non-conformances, actual capacity, and 

skill. Therefore, the MILP will ensure appropriate assignments that reflect the true system 

capacity and not an availability metric, promoting both safety and quality. 

Using operations research methods, like the penalty factor (”Big M”) to incorporate 

discernment of task reassignment when unnecessary, reflects a managerial desire to not 

disrupt the team. This reinforces the alignment of current worker-task assignments with 

practical priority even if it may be suboptimal to the overarching system strategy. The 

backfilling strategy is the basis of the reoptimization warm start, which increases the 

chance of the reoptimization performing better, but also the chance that the 

reoptimization finds the same solution. Both of which are critical knowledge points for 

assessing a response strategy for managers. 

The methodology also accounts for various types of stochastic attrition events as the 

simulation relies on a Poisson Distribution, which will converge to the mean across the 

100-unit production run but will have highs and lows along the way. This uncertainty 

across the 525 instances creates robustness in the outcomes of the two strategies. They 

can be evaluated for both high and low attrition on both large and small teams. 

Developing a robust model helps detail out the feasible decision space needed for the 

real-world application of this decision support research.  

By utilizing the benchmark datasets, the Python with PuLP scalability, and the simulated 

production horizon, this research dissects the two attrition response strategies with 

variability and uncertainty. The methodology sets up structured outputs that provide 

meaningful insights to worker-task assignment and line balancing in low-rate manual 

manufacturing production systems. Evaluation of the production system across multiple 

production unit records reveals the effects of the strategies on short- and long-term 

system dynamics.  
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4. Results 

4.1 Results Purpose and Structure 

The next sections will present the results of the simulation-based evaluation of competing 

strategies in response to worker attritions in low-rate manual assembly production 

systems. The system is subject to stochastic worker attrition as well as learning-driven 

performance evolution over the planning horizon of 100 months (a little over 8 years). 

The results are intended to provide a robust reasoning for decision support on whether to 

reoptimize the assembly line or backfill workers in response to workforce disruptions 

across the planning period. Attrition is treated as a stochastic impact to the collective 

worker capability since learning during the production cycle helps improve system 

performance.  

The results are presented in four sections. First the model validation results show that the 

learning and attrition mechanisms reproduce the expected behavior in the absence of the 

strategic intervention. Second shows the system-level dynamics of how the workforce 

volatility affects the production capability and stability over the planning period. Third 

shows how the two responses, reoptimization and backfilling, are compared across 

performance metrics (e.g., total production hours, cost performance, and learning 

progressions). The fourth and last section synthesizes the results to determine the 

decision relevant patterns that can help managers with meaningful strategy when faced 

with worker attrition and learning. 

4.2 Model Validation  

4.2.1 Model Validation without Attrition 

The experimentation begins by leveraging the Benchmark Datasets by Scholl (1993), the 

datasets provide a number of tasks with cycle time, task times, and precedence 

relationships. The Scholl provides datasets with the number of tasks described as small, 

medium, large, and very large (n=20, 50, 100, 1000 respectively), the n=20 datasets were 
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selected for this analysis as described in Section 3.1.2. The task times in the data is used 

to determine the number of workers for the instance, in Appendix 1 the 525 n=20 

instances are shown with their respective sum of the task times and the number of 

workers which resulted. Tasks are randomly assigned to one of three categories: 

Electrical, Structure, or Test. Workers are also initially assigned to one of these 

specialties to ensure adequate coverage of the required skilled tasks. After the initial 

assignment, each operator has a 50% probability of being designated as a specialist, 

which limits their capability to only that task type. The 50% rate was selected to reflect 

the decline in union (or specialized labor) membership in recent years. This large sample 

reflects operational variability and provides empirical robustness across diverse 

production scenarios. 

The learning curve percentage is assigned to the task, as described in Delionbeck (1979) 

the work being done defines the learning curve not the person performing the work. A 

matrix is developed for each worker-task to define the expected unit time. For the first 

unit (T-1) of the worker-task matrix, equation (1) is used to determine the times based on 

the task type (Electrical, Structure, or Test) and the worker type (specialist or generalist). 

The task time is brought up the learning curve from the standard task time based on the 

factors from Table 4. The learning curve model is validated by running the production 

system simulation with no attrition, Figure 1 and 2 display the expected learning of the 

workers with reference curves (all specialists, all generalists) as well as the base sum of 

the task times (TIME) from two distinct instances. 
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Figure 1: Instance n=20_45 performance with no attrition 

 

Figure 2: Instance n=20_484 performance with no attrition 

Instance 45 and 484 had total expected production hours of 5320 and 9959 respectively. 

Instance 45 had a total of 39 workers in the system, with 9 specialists (5 electrical and 2 

each structure and test) while 484 had 74 workers with 12 specialists (7 structure, 3 

electrical, and 2 test). The limited number of specialists in these two systems is why the 

instance hours lines are following closely to the generalist lines more than the specialist 

line. The specialist and generalist expected learning curves bound the performance under 
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no attrition. This validates the system is learning as expected across both the specialists, 

generalists, and the different statements of work.  

4.2.2 Baseline Impact of Attrition on Learning Dynamics 

The workforce attrition is based on the number of workers present in the production 

system. The BLS (2025) total separation rate was 3.5%. In Appendix 1, the l values for 

each instance are listed based on Poisson distribution with l = 3% of the total workers in 

the system. Worker attrition significantly impacts the learning rate of the system, as can 

be seen in Figure 3 and 4 with an attrition rate of 3% (instance n=20_45 and 484 had 

requirements of 39 and 74 workers respectively, at 3% attrition per month is an expected 

loss of 1.17 and 2.22 workers respectively (l=1.17 & l=2.22)). As shown, the learning 

curves flatten earlier in the production cycle in the face of the consistent worker turnover 

which will also significantly delay or eliminate the convergence to the time standard of 

the product. 

 

Figure 3: Instance n=20_45 performance with 3% attrition rates 
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Figure 4: Instance n=20_484 performance with 3% attrition rates 

When the attrition is increased to a Poisson distribution where the l = 7.5% of the 

staffing, which has been seen in some manufacturing sectors, the learning curve flattens 

out even more quickly and will not converge to the standard time. Figure 5 and 6 show 

the impacts to instances n=20_45 and 484, where the 7.5% attrition represents attrition 

potentiality of 2.9 and 5.5 employees respectively. While any attrition will shock the 

production system, these visuals show the difficulty with capability erosion over time as 

consistent attrition continually impacts the ability to perform or converge to expected 

results. 
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Figure 5: Instance n=20_45 performance with 7.5% attrition rates 

 

Figure 6: Instance n=20_484 performance with 7.5% attrition rates 

4.3 System-Level Effects 

4.3.1 System-Level Key Performance Indicator (KPI) 

There are several key performance indicators (KPIs) that the collected during the 100-

unit production run. These KPIs allow for the comparison of different production runs 

and the evaluation of different benchmark instances against each other. The first KPI is 

the total production time which is defined as the total sum of worker times in the system. 
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This metric is key in understanding the difference in the expected hours and the actual 

hours. This includes the worker and unit times for the backfill heuristic. These are used to 

provide context in the need for reoptimization versus strict backfilling skill and number 

of workers. This will be used as the basis for understanding if the reoptimization is 

beneficial to the production system and provides enough of a cost/hours savings to the 

system consistently over the various production units and the benchmark instances.  

The next KPI is the actual attrition rate of the 100-unit production run. The rates are all 

set at 3% of the number of workers in the system, however it is dynamic at each event 

based on a Poisson Distribution as described in Section 3. This KPI is key to 

understanding the differences in the results across the instances with similar worker 

requirements. Another key metric that will be collected is the number of individual 

workers that complete the 100-unit production cycle. 

The final KPI is the cost performance index (CPI) which is an Earned Value Management 

System measure intended to show the efficiency of the hours against the budgeted hours. 

This Measure is defined as the Earned Value (EV) divided by the Actual Cost (AC) and 

in this case will be the Iteration hours against the benchmark standard hours. Both the 

backfill heuristic and the reoptimization will be evaluated for CPI, which is commonly 

used in defense and aerospace as a measure for operational efficiency. 

4.3.2 Workforce Variation and Production Stability 

The turnover affects the number of new workers required, making it difficult to achieve 

the system-level expected results based on the learning curve literature. Considering the 

shortage of skilled workers and the general worker shortage documented in the literature, 

it becomes necessary for manufacturing processes to adjust their expectations regarding 

the learning curve to account for employee turnover rates. Furthermore, the results 

demonstrated that while the backfill strategy maintains workforce levels, it does not 

effectively address the disruptions caused by turnover. The backfill strategy does, 
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however, reduce the number of worker changes per task by an average of 70%, examples 

seen in Table 6.  

Table 6: Subset of Instances with Worker Turnover Rates and Unique Workers Changes 

Instance 30 44 74 269 317 520 525 

Number of Workers 86 34 21 44 64 20 20 
Total Number of 
Employees in 100 
Production Runs  
(3% Attrition) 

322 136 86 174 269 84 73 

Total Number of 
Employees in 100 
Production Runs  
(7.5% Attrition) 

681 292 193 371 532 151 159 

Percent Unique Workers 
in all 100 Production 
Runs  
(3% Attrition) 

2% 2% 2% 0% 2% 1% 5% 

Percent Unique Workers 
in all 100 Production 
Runs  
(7.5% Attrition) 

0% 0% 0% 0% 0% 0% 0% 

Average Number of 
Workers Changes per 
Task  
(3% Attrition, 
Optimized) 

0.64 0.34 0.28 0.45 0.55 0.28 0.25 

 

The reoptimization strategy, which included strategic worker assignment and training, 

significantly mitigated these issues. The strategy improved overall production efficiency 

because the reassignments managed the effects of new workers on the assembly line 

while absorbing the impact of an initialized learning curve. When workers start with 

some knowledge of the assembly processes, the associated hours greatly reduces (as 

expected) but even still, there is no ability to match the expected learning curves from the 
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start of the 100-unit production run, as shown in Figure 7.

 

Figure 7: Instance n=20_45 performance with 3% attrition rates, Reoptimization and Backfill performance 

4.3.3 Attrition Severity Across Team Sizes 

The 525 n=20 task benchmark instances range from requiring 14 to 86 workers in the 

system. The 3% attrition in these instances, therefore, range from under half a head per 

event to over 2.5 heads per event. Due to the large spread of required workers for the 

systems, the 25th, 50th, and 75th percentile instances are displayed to show the various 

impacts of the attrition over the 100-unit production runs.  

Figure 8 shows the n=20 instance number 357, which has the 50th percentile of the 

number of workers, 35,reoptimization and Backfill strategies under 3% attrition rates 

compared against theoretical baselines for specialist and generalist labor profiles. Total 

time requirement shown as lower bound. At a worker level of 35, the 3% attrition rate 

drove a Poisson Distribution with l=1.05, however this instance resulted in 155 unique 

workers required to complete the 100-unit production cycle (ending with a 3.34% actual 

attrition rate). The system stabilizes after 65 units and the attrition is not as impactful 
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toward the end of the production run. The reoptimization is consistently less hours than 

the backfill.  

 

Figure 8: Instance n=20_357 Reoptimization vs. Backfill Performance of the 50th Percentile Number of Workers 

Figure 9 displays n=20 instance 524, which has the 25th percentile of the workers at 22. 

The figure shows the reoptimization and Backfill strategies under 3% attrition rates 

compared against theoretical baselines for specialist and generalist labor profiles and total 

time requirement shown as lower bound. At a worker level of 22, the 3% attrition rate 

drove a Poisson Distribution with l=0.66, however this instance resulted in 80 unique 

workers required to complete the 100-unit production cycle (ending with a 2.64% actual 

attrition rate). The system stabilizes more quickly than instance 357, after 22 units with a 

standard deviation under 90 hours. The reoptimization is consistently less hours than the 

backfill until the final ten units where the learning curve of the backfilled team catches up 

to the optimized strategy. 
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Figure 9: Instance n=20_524 Reoptimization vs. Backfill Performance of the 25th Percentile Number of Workers 

The last instance in this discussion will be n=20 instance 18, shown in Figure 10, which 

has the 75th percentile of the workers at 71. The figure shows the reoptimization and 

Backfill strategies under 3% attrition rates compared against theoretical baselines for 

specialist and generalist labor profiles and total time requirement shown as lower bound. 

At a worker level of 71, the 3% attrition rate drove a Poisson Distribution with l=2.13, 

however this instance resulted in 286 unique workers required to complete the 100-unit 

production cycle (ending with a 3.03% actual attrition rate). The backfill and 

reoptimization hours are incredibly close in this system. The total hours difference 

between the two is 9564.4 hours in favor of the reoptimization (less than a 1% 

difference). This is actually indicative of the system performance. 
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Figure 10: Instance n=20_18 Reoptimization vs. Backfill Performance of the 75th Percentile Number of Workers 

Attrition rates affect the percent difference between the reoptimization and backfill 

strategies. Figure 11 shows a scatterplot between the % delta hours and the lambda (𝜆) 

values of the Poisson Distribution for all 525 instances of the Benchmark Datasets. When 

attrition impacts are high (e.g., one worker leaving a 14-worker team), reoptimization 

consistently delivers significant savings of up to 6% in hours. As the attrition impacts 

reduce (e.g., two workers leaving a 75-worker team), the Cost Performance benefit 

narrows to around 1–2%, indicating a benefit for the backfill strategy. 
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Figure 11: % Delta Hours and lambda (𝜆) values scatterplot 

A Pearson correlation analysis was conducted to evaluate whether the reoptimization is 

more impactful on systems with high workforce instability. Results indicate a strong 

negative correlation (r = -0.74), reaffirming the idea that as workforce stability improves 

(larger team sizes), the relative benefit of reoptimization decreases. This supports a 

hypothesis that stable systems do not need the reoptmization strategy as the default but 

can perform well with the backfill strategy. This would require sound forecasting of the 

expected workforce attrition. 

The variation of datapoints seen in Figure 11 shows the influence of additional system-

level factors. Elements of the model, team size, workforce specialization, and learning 

rates each effect the system’s response to the attrition and, as such, produces different 

outcomes even when the attrition rate (λ) is similar. The relationship between the 

performance improvement and attrition should be seen as an expected value and not 

deterministic. This variability does not contradict the conclusion but highlights how the 
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optimization value is conditional which reinforces the need for the guidance in the 

decision-making process that is proposed here and not any fixed intervention rules. 

4.4 Strategy-Level Comparison: Reoptimization vs. Backfill 

4.4.1 Definition of the Strategies 

There are two distinct managerial response strategies presented here for addressing 

workforce attrition in manual assembly production systems, reoptimization and 

backfilling. Both strategies are implements using the formal models from Section 3 but 

the response is a fundamental difference in the treatment of disruption, drive for stability, 

and the flexibility of the system in response to workforce disruption. 

The backfilling strategy is where regardless of attrition, workers keep their initially 

assigned tasks. Replacement workers are assigned only to the vacated roles, and there is 

no reassignment of any workers in the system. This strategy minimizes the short-term 

disruption of workers potentially needing to learn new tasks which can cause instability 

in the system. But this stability does cost the system by creating rigid assignments and a 

system constrained to that performance level regardless if it is still globally efficient. 

The reoptimization strategy is where worker attrition triggers a global task reassignment 

for every worker in the system. The system rebalances worker-task assignments to ensure 

solution feasibility and optimize the system performance. However, this approach 

requires some to many of the workers switching tasks which disrupts the system in the 

short-term, resetting learning with the expectation that the improved assignments will 

better the long-term system performance. This strategy is a focus on the system-level 

rather than local stability. 

These distinctions are critical to interpret the results from the model and methodology 

described in Section 3. The differences observed in learning curve, production hours, and 

cost performance are from the fundamental differences in the two managerial strategies 

approaches to system learning and memory. The following sections provide a detailed 
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comparative analysis of the two managerial strategies where workforce uncertainty exists 

in the system, and not a technical comparison of the solution methods. 

4.4.2 Total Production Hours Analysis 
Table 7: 525 n=20 tasks Total and Average Unit Hours 

 Total Optimized 
Hours (3% 
Attrition) 

Total Backfill Hours 
(3% Attrition) 

Delta 

Total Instance Hours 397123958.9 403875752.1 6751793.145 
Average Instance 
Hours 

756426.59 769287.15 
12860.56 

 

The total and average unit hours for the 525 n=20 tasks are shown in table 1, the 

reoptimization strategy has lower total and average production hours. The reoptimization 

also outperforms the backfill in each individual instance but relatively speaking it is 

modest at a 2% difference in the total hours. The distributions of the total hours of the 

instances are not normal, therefore a Kruskal-Wallis test was conducted to find a 

statistically significant difference in the reoptimization and backfill distributions (H = 

3.99, p = 0.046), and a negligible effect size (ε² = 0.0028). 
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4.4.3 Cost Performance Index (CPI) 

 

Figure 12: Attrition Rates and Response Strategies CPI Boxplots for all 525 Instances 

When measuring at the instance level, the comparison used is the CPI or how efficient 

each of the strategies where to the benchmark. As shown in Figure 12, to appropriately 

compare the two (reoptimization vs. backfill at 3% attrition), a Welch’s t-test was 

conducted because of the homogeneity assumption violated for ANOVA. The results 

showed a statistically significant difference in CPI between the reoptimization-based 

assignment (M = 0.7761, SD = 0.0252) and the backfill-based assignment (M = 0.7587, 

SD = 0.0216), (t(approx. df) = 11.95, p < 0.001), indicating the groups have statistically 

different average CPIs. This suggests that reoptimization provides a statistically 

significant 2–3% improvement in CPI over heuristic backfilling. Suggesting higher 

expected utility for a risk-neutral or mildly risk-averse manager. 

4.4.4 Learning Curve 

The backfill strategy saw better task learning of the workers in the system. The backfill 

heuristic allows for the workers to focus on tasks for longer, allowing the workers to get 

familiar with the jobs. The reoptimization has a flatted learning curve which confirms the 
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task switching inherent in the rebalance of workers-to-tasks and a higher variability 

which suggests the movement of workers to tasks that require faster learners (more 

difficult tasks or tasks with higher nonconformances). At the 3% attrition rate, the 

reoptimization strategy resulted in slightly steeper learning curves (mean Learning Curve 

(LC) % = 0.9602) than the backfill approach (0.9563). The reoptimization also had 

greater variance, suggesting better utilization of high-performing workers when available. 

In Figure 13, the box and whisker plot of the learning curves demonstrating the 

differences in the reoptimization  and backfill strategies, denoted as Opt and BF 

respectively. 

 

Figure 13: Box and Whisker Plot of Response Strategies Actual Learning Curves for all 525 Instances 

In order to determine if the difference in the learning curves was significant for the 3% 

attrition, a Kruskal-Wallis H test was performed due to a violation of normality 

assumptions for an ANOVA test. The test found a statistically significant difference in 



 81 

learning curve between the reoptimization and Backfill strategies, H(1) = 64.5855, p < 

0.001, indicating that the Backfill has a statistically lower learning curve. 

4.5 Task Level Analysis 

4.5.1 Cross-Training and Stability Cycles 

At the task level, the reoptimization strategy follows cycles of cross-training and stability 

over the planning horizon. Figure 14 illustrates the cyclical behavior of the task hours 

under the reoptimization and backfill strategies for two representative 3% attrition 

instances: a smaller system (n=20 instance 73) with 15 workers and a large system (n=20 

instance 317) with 64 workers. The curves show the total system hours for the 100-unit 

production run for the reoptimization strategy (blue), the backfill strategy (purple), and 

reference learning trajectories for specialists and generalists. In both instances, at the 

beginning of the production run (units 0-20) is dominated by the rapid learning as the 

system progresses down the steep initial learning curve. In the reoptimization strategy 

during this phase is deliberately spreading assignments across tasks, creating cross-

trained workers. There will be higher hours in the short-term, but the acceleration of 

multi-task learning allows for stability later in the production run.   

The system switches to a relatively stable period in approximately the units 20-45 and 20-

55 in the large and small systems respectively. Attrition events flatten the learning curve 

and task assignments remain largely unchanged. Both strategies converge at this point 

and are nearly indistinguishable in the total hours for the units. This is a temporary 

equilibrium in the learning gains and losses from attrition. When attrition events occur 

later in the production cycle, 45-60 in the large and 50-80 in the small, the reoptimization 

strategy responds by reassigning task to ensure feasibility and rebalance the workload. 

The reoptimization triggers a new cross-training cycle which is visible as localized 

increases to hours and high variability prior to stabilizing. The cross-training to stability 
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oscillation represent an intentional managerial intervention to the system to trade short-

term disruption to stability for long-term robustness and future performance.  

These oscillations are observed more frequently in the larger system, but with less 

amplitude than the smaller system. This behavior is driven by the higher worker counts 

driving higher attrition events within the intervals and therefore more frequent 

reoptimization. The relative impact of the larger system’s attrition is diluted due to the 

larger pool of workers which reduces the magnitude of the performance disruption. The 

smaller system shows fewer oscillations but they are more disruptive each worker loss 

represents a larger fraction of the system. Figure 14 shows the reoptimization drives 

structured cycles of cross-training and stability where the frequency and magnitude of 

these cycles is relative to team size and attrition. This variation reflects the adaptive 

control mechanism which preserves the total system performance with sustained 

workforce uncertainty. 

 

Figure 14: Cross-train and Stability Cycles with Respect to Number of Workers in the System 

4.5.2 Task Level Assignment Changes 

In the reoptimization strategy, there is assignment instability locally across the tasks, 

even if the global system is controlled and optimized. Figure 15 illustrates the assignment 

of workers to Task 19 over the planning horizon. The figure shows the evolving 

assignments as attrition and replacement workers step in to ensure the task is 

accomplished. This pattern highlights the importance of the reoptimization strategy in 
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balancing cross-training and stability to mitigate the impact of turnover. 

 

Figure 15: Assignment of Workers to Task 19 over 100 Unit Production Run 

4.6 Decision Support and Analysis 

4.6.1 Reoptimization is not the Default 

These results suggest that reoptimization functions as a disruptive intervention at low 

attrition, where the individual worker-task assignment being disrupted for lower cost is 

marginally effective. The backfill strategy will continue the worker-task learning and that 

increased familiarity is a local benefit at the expense of the system cost. This reinforces 

the decision-support perspective that the timing of intervention is as critical as the 

intervention itself: rebalancing too frequently wastes resources, but rebalancing too late 

Production Unit 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Operator ID |1| | * * * * 20 * * * * * | | * * * * 40 * * * * * *
Operator ID | * * * * * * 17 * * * * * * * * * * * * | | * 32 * |
Operator ID | 6 | | * 32 * | | * 48 *

Production Unit 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50
Operator ID * 40 * * * * * * * * * * * * * * * * * * * * * * *
Operator ID * 48 * * * * * * * * * * * * * * * * * * * * * * *

Production Unit 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75
Operator ID * 40 * * * * * * * * | | * 94 * * * * * * * * * * *
Operator ID * 48 * * * * * * * * * * * * * * * * * * * * * * *

Production Unit 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90 91 92 93 94 95 96 97 98 99 100
Operator ID * 94 * * * * * * * * * * * * * * * * * * * * * * |
Operator ID * 48 * * * * | | * * * * * * * 115 * * * * * * * * |
Operator ID |118| | * 117 * * |
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sacrifices compounding learning benefits. 

 

Figure 16: Decision Landscape of the Attrition %, Delta CPI, and Learning Curve 

Figure 16 shows the result of the decision landscape. The surface in the figure is 

downward sloping in Attrition Rate that is, as attrition decreases, the difference in CPI 

increases. Learning Curve Delta increases this slope against the sensitivity to attrition, 

effectively diminishing the region where reoptimization remains favorable. 

4.6.2 Team Size as a Decision Factor 

Team size was a significant factor in the decision for a preferred strategy, specifically the 

relationship to the attrition rate. In smaller teams (e.g. 10-15 workers), the replacement of 

a single worker (6-10% of the team) had a disproportionate effect on throughput, thus 

amplifying the necessary conditions set for reoptimizing the system. However, when 3% 

attrition hit a larger team of 30+ workers (one worker per team of 30), there were natural 

buffering effects that reduced the marginal gain of the full system rebalance. 

Statistically, there was an indirect correlation: as the team size increased, the relative 

benefit of reoptimization declined, with a Pearson correlation coefficient of -0.74 

between team size and CPI improvement. This implies that reoptimization carries the 

highest decision utility in small, specialized environments with diverse skill composition 
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and turnover shocks are most damaging. reoptimization disrupts the learning curve and 

local environment of the teams, therefore in small teams, this disruption has significant 

impacts resulting in much smaller CPI improvement but flattening of the learning curve 

as teams aren’t focused on individual jobs for long periods. For those small teams, the 

benefit of cross-training early to prepare for attrition can improve the balance between 

the cost performance and the learning curve. 

4.7 Model Sensitivity and Robustness 

The use of the 525 instances and varying attrition rates creates a probabilistic framework 

of CPI and Learning Curve differences. Across these instances, the CPI differences were 

small, consistent with the results of the Welch’s t-test, that the reoptimization advantage 

is significant. The learning curve results show the result of the strategies focusing on cost 

or stability. Traditional manufacturing systems will focus on cost reduction, but if the 

result is a higher worker-task volatility and production stability the trade-off can become 

more of a decision problem where the best strategy is based on the measurable factors in 

the system (attrition rates and learning curves). 

The analysis of the two strategies, reoptimization and backfill, under those stochastic 

factors provides a decision space for managers rooted in mathematical theory. But the 

uncertainty of the response in a human-centered system requires deeper knowledge of 

how each strategy reacts across potential outcomes. Which is why the detailed modeling 

of each instance, through both reoptimization and backfill strategies, with varying 

workforce data gives a robust decision space for managers. 

4.8 Managerial and Systems Engineering Insights 

4.8.1 Workforce Strategy Implications 

As seen, there are instances where the backfill poses a solution that is just as good or 

marginally better than the reoptimization. However, if there was a rule to strictly adhere 

to the backfill strategy there would be hours savings lost in the system. As the attrition is 
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inconsistent month to month and has increases and decreases in different years, the 

reoptimization strategy provides a solution that will provide the highest potential savings 

across the different scenarios. This result has been verified by the CPI Welch’s t-test 

noted in Section 4.4.3. 

4.8.2 Training and Automation Opportunities 

There is opportunity to lessen the impact of the attrition through the development of a 

training pipeline of workers to improve their initial efficiency, cost, and probability of a 

non-conformance. New workers with training equivalent to five learning units can reduce 

task completion time by approximately 12% on initial assignments. In the production 

system, this translates to an estimated 5% reduction in total hours, this is about the same 

as the benefit seen with the reoptimization strategy. This underscores the cost-

effectiveness and necessity of having a proper worker pipeline trained to quickly fill gaps 

in the assembly process. Developing the training to be focused on specializing the worker 

to a specific task type would further lessen the initial and lasting impact of the attrition. 

The additional training would leave approximately 88% of the performance wedge as an 

opportunity for evaluating the cost-effectiveness of automation. Automation technologies 

may be a viable alternative if it can execute the tasks with greater efficiency (with respect 

to reliability, system integration, and depreciation). These technologies are not a 

replacement for workforce optimization but a change to the task structure and feasible 

solution space as well as an updated frequency for reoptimization. In low-rate manual 

assembly production systems, fully automating sections of the assembly often requires 

high capital costs which typically do not match the benefit due to the limited production 

volume. Partial automation or autonomation (error-proofing, assembly fixtures and tools) 

can reduce the task hours variance and learning curve dependence to stabilize the system 

and require less frequent management interventions and disruption expected from 

attrition, all of which lowers the expected benefit of the reoptimization strategy.  
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Under full or partial optimization, the necessity for Assembly Line Balancing still holds 

as much of the research is focused in these areas. When undergoing the move to an 

automated production system, the tasks transition from worker-based learning to more of 

a deterministic expected time. Optimization is then refocused from management of lost 

skill to balance and throughput. From the viewpoint of systems engineering, this 

reinforces the necessity of workforce strategy in low-rate manual assembly production 

systems remains adaptive especially as selective automation is introduced. 

4.9 Summary of Findings 

This section evaluated two competing workforce disruption response strategies for 

manual assembly production systems with stochastic worker attrition and learning 

evolution. The modeling of the reoptimization and backfilling strategies within the DES 

expands the results beyond the static assessment of the ALB and demonstrated how the 

system performance evolves with the repeated disruptions. The results show that the 

attrition is a consistent capability shock to the performance of the system and that the 

effects cannot be mitigated by a single-period reoptimization. By contrast, learning acts 

as the system’s memory that can shape the recovery pattern and inform long-term 

performance.  

Comparing the reoptimization and backfilling strategies reveals several key insights. 

Reoptimization will consistently improve the aggregated efficiency measures, 

specifically total production hours and cost efficiency measures, especially in smaller 

teams that are more specialized. These cost gains are subject to the disruption of the 

workers’ individual learning and stability of the individual worker-task relationship. 

Backfilling will be less efficient for the system but there is learning continuity and greater 

stability in the production system especially in areas with lower attrition rates or larger 

teams. Neither strategy dominates across all conditions examined, but the relative 
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effectiveness is dependent upon the workforce volatility, the team’s capability, and value 

placed on longer-term efficiency versus short-term stability.  

The results support decision-making by clarifying when reoptimization is the better 

intervention, rather than treating it as the default. Reoptimization is the most beneficial 

when there is increased attrition disruption degrading system feasibility and when the 

workforce specialization limits recovery. Backfilling performs most competitively when 

worker learning effects are strong and the stability is sufficient to keep the existing 

assignments. The framing of reoptimization in such a way that it is not the default 

managerial response provides more guidance and support in production planning for low-

rate manual assembly production systems.  

The results emphasize that static models are limited in capturing human-centric system 

behavior beyond a single planning period. Modeling the system dynamics is required 

when root finding the timing for rebalancing, cumulative impact of consistent attrition, 

and the long-term value of learning on system performance regardless how it is 

measured. 

5. Discussion 

This work examined the impacts of disruption cause by workforce attrition in low-rate 

manual assembly production in human-centric systems. Learning and attrition effects 

play a critical role in the performance against expectations for cost and stability. Two 

competing response strategies were evaluated, reoptimization and backfilling, to 

determine which response would provide the better guidance and support to managers. 

Reoptimization globally rebalances the worker-task assignments as a response to the 

attrition disruption, where the backfilling strategy preserves the existing assignments and 

minimizes the system disturbance. Instead of treating reoptimization as the default 

solution, this study outlines these strategies as alternative interventions that managers can 
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use in response to the uncertainty over a planning horizon and each has implications on 

learning, stability, and the system efficiency. 

This discussion integrates results over multiple analyses to show an understanding of the 

behavior of manual assembly systems under the uncertain attrition and the shock that this 

brings to the system. There are more than metric-level comparisons to provide insight 

into the patterns that confirm reoptimization as the likely meaningful strategy versus 

when preserving existing assignments can be preferred. There is conditional effectiveness 

that will be examined in the next sections to highlight the roles that team size, workforce 

specialization, learning, and attrition play in shaping the system performance. 

This section also addresses the implications of the research for assembly production 

systems design and workforce management. There are limitations of the modeling 

approach and the assumptions that shape the interpretation of the results, and therefore 

boundaries of the conclusions. But this section also identifies directions for future 

research that will extend the dynamic, human-centric models that this research focuses 

on. Finally, this will frame this contribution to research within the larger body of Systems 

Engineering and Operations Research. 

5.1 Core Findings Interpretation 

5.1.1 Attrition is a Capability Shock 

Workforce attrition is a system-level disturbance, not a reduction in labor capacity. In 

low-rate manual assembly production systems, workers are the productive capability of 

the system. As they accumulate the process and system knowledge the performance 

improves but when workers depart the system that knowledge also departs. Attrition 

disrupts the familiarity of tasks, team coordination, and informal training that are not 

explicitly captured in single-period representations and analyses of the production 

system. The immediate attrition impact extends beyond understanding feasibility of the 

resultant system but is a degradation of the system effectivity.  



 90 

The results show that learning functions as system memory, where prior experience is 

embedded within the performance of the workers and their collective behavior is the 

performance of the assembly line. Attrition erases some of that memory, especially in 

systems where there is limited redundancy or is highly specialized. New workers can 

restore the staffing levels back to the requirement but they do not have the knowledge 

lost to the attrition, they need time and iterations to find the previous levels. System 

performance shows delays in recovery and altered learning trajectories against the 

expected performance.  

The important takeaway is that this disruption is persistent over the production cycle and 

not a one-and-done. There are repeated attrition events that will forever prevent the 

system from converging to a stable, standard operating rhythm, instead the learning 

curves flatten and there is inherent variability in the production system. From a systems 

perspective, the workforce needs to be examined as a dynamic state variable where the 

evolution of the worker changes the system behavior across the planning horizon. 

Attrition is a state-altering event where the production rate, or the amount of time 

workers can learn, govern the recovery period. 

Clarifying attrition as the memory erosion that makes single-period optimization 

insufficient is more accurate explanation of the effect than a mere resource loss. The 

decision presented to either reoptimize or backfill are to help determine how much of the 

system memory is disrupted not just a reassignment of tasks to workers. This perspective 

is why this research is a decision support for production system managers to provide 

guidance on the response strategy. 

5.1.2 Learning Curves under Workforce Uncertainty 

Learning curve theory assumes a relatively stable workforce where the worker experience 

accumulates over time and there can be predictable reductions in the execution time for 

tasks. When there is workforce volatility, these assumptions cannot hold at the system 
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level and the result is that even when individual workers learn on assigned tasks the 

overall performance of the assembly line or production system will fail to show a smooth 

learning curve. In fact the system learning will flatten due to the repeated small resets of 

the continuous workforce disruption from attrition or reassignment. 

The localized nature of learning in manual assembly production systems is a contributing 

factor because this learning is mostly at the individual worker-task level and is shaped by 

the repetition, task familiarity, and skillset coordination. The localized learning does not 

fully transfer to other parts of the system when workers are reassigned or replaced. When 

managers cross-train workers they mitigate some of this compounding effect to expand 

the feasible assignments, but it also introduces instability and in low-rate manufacturing 

this can be difficult to enact as there is an impact to system performance. This results in 

an oscillating performance curve as cross-training enables long-term stability but 

sacrifices short-term learning gains. 

Examining the overarching production system, performance is more than an aggregation 

of the individual learning curves but is a property of the global task coordination. 

Attrition interrupts this alignment between the local and system wide worker-task 

assignments and prevents a steady-state convergence. In low-rate manufacturing where 

the opportunities are limited to learn at the task level, low attrition or even absenteeism 

can inhibit the classic learning curve patterns at the worker-task level. These finding help 

explain why learning-based performance improvements often fail to materialize in 

practice, and in order to achieve classic learning curves other improvements and system 

learnings must be enacted.  

Dynamic modeling and decision-support intervention is required because of the exposed 

breakdown of classical learning curve expectations when the system suffers workforce 

volatility. Single-period optimization models or static representations of the production 

system that assume smooth learning progression can potentially overstate performance 
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expectations due to understating the effects of workforce disruption. Learning is typically 

local and performance is a global metric is why there is a need for workforce stability and 

continuity in assignments. Knowing when to intervene is a critical to shape the system 

behavior over the planning horizon. 

5.1.3 Reoptimization vs. Backfill Strategy Comparison 

When evaluating the differences in the reoptimization and backfilling strategies in 

manual assembly production systems there is a fundamental trade-off between the 

system-level efficiency and the learning stability. Reoptimization shows superior 

performance on the aggregated metrics if total production hours and cost performance 

across the range of scenarios. This is due to the realignment of workers to tasks that will 

restore system feasibility and ensure there is skill capability in the event of attrition. If the 

system performance is truly cost-oriented then reoptimization would be the preferred 

response strategy to the workforce uncertainty.  

The efficiency gained is accompanied by increased disruption, specifically to learning 

and task familiarity. When there is widespread reassignment of workers, there is a reset 

of that accumulated knowledge which interrupts the learning trajectories. As a contract, 

backfilling strategies preserve the assignments where possible and limit that disruption to 

the incumbents to maintain that worker-task continuity. Backfilling will operate with 

suboptimal global efficiency, but supports short-term stability of the system especially in 

high learning systems with moderate attrition.  

Most importantly, these results do not support a default strategy or one that is truly 

dominant. The system characteristics, team size, attrition rates, workforce specialization 

determine the effectiveness of reoptimization and backfill. When team size is small, the 

attrition will have more impact on the feasibility of the system and thus reoptimization 

benefits outweigh the disruption. When the teams are larger and thus more stable under 
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common attrition rates learning preservation through backfilling offsets the inefficiencies 

and yields a competitive long-term performance.  

It is important to view these strategies, reoptimization and backfilling, as alternative 

managerial interventions and not competing algorithms. There are distinct philosophies in 

each strategy on the handling on workforce attrition. Reoptimization focuses on system-

wide productivity and adaptability where backfilling focuses on the continuity and 

experience of the workers. The absence of a dominant strategy is the reason why decision 

support frameworks that account for uncertainty are necessary instead of relying solely 

on static optimization as a default.  

6. Conclusion 

6.1 Production System Workforce Decision Problem 

These results extend beyond the comparative performance metrics and into how 

workforce decisions can be supported in manual assembly systems. Framing 

reoptimizaton and backfilling as alternative managerial interventions due to uncertainty, 

these results emphasize that workforce management is a fundamental system decision 

problem and not a pure optimization. The system-level and decision support is integrated 

to clarify how managers can interpret and apply these findings.  

6.1.1 Reoptimization Intervention 

The reoptimization strategy should not be treated as a default response to workforce 

attrition. Reoptimizing can ensure feasibility in the face of turnover and guarantee the 

best aggregated performance but there will be short-term disruption in the worker-task 

assignments which effects learning continuity. These disruptions have real costs 

associated, like lost experience, impact to team morale, and possible performance 

degradation. Therefore, the value of reoptimization truly depends on whether the long-

term efficiency gains outweigh the immediate costs.  
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Key factors of the trade-off is the team size and specialization of the workforce. When 

teams are small or highly specialized attrition impacts are the highest and reoptimization 

is a critical tool even if there are marginal disruption costs. When teams are larger and 

more flexible, recovering at the local level with backfilling preserves the capability and 

makes a full reassignment through reoptimization not necessary. Production system 

managers operate under time and information constraints, as such they need to choose 

intervention strategies that are best for their team and are “good enough” for the system 

which may not be a globally optimal solution. 

6.1.2 Information, Forecasting, and Timing 

The quality of the information available to the decision makers is closely linked to the 

value of reoptimizing the assignments. Results demonstrate that workforce forecasting, 

specifically attrition predictions have the greatest value in stable production systems. 

Forecasting disruptions can lead to addressing, proactively, the training and learning of 

the workers by investing in these areas. Improved forecasts will enable better timing for 

enacting the strategy and reduce the risk of unnecessary reoptimization of the system.  

When there is high-attrition in the system, uncertainty overwhelms the forecasting ability 

and reduces the marginal value. When these instances occur, the robust strategy which 

preserves the learning is preferred. This reinforces a core principle of decision analysis, 

which is that the value of information is context-dependent and that investments in data, 

analytics, and forecasting can be evaluated with relation to the variation of the system. 

Information systems are an enabler to greater stability in workforce performance.  

6.1.3 Backfilling Intervention for Stability 

The results challenge an assumption that pure backfilling is an inferior reactive strategy 

to workforce disruption. When evaluating as a decision-support strategy, backfilling is a 

stability oriented, risk averse approach to prioritize learning and continuity within the 
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system. When the existing assignments are preserved through backfilling vacancies the 

system memory is held and the short-term variation is reduced.  

This is especially relevant for defense, aerospace, and medical device manufacturing 

where workforce stability, morale, and human factors are critical considerations in the 

production system. The costs from disruption, in these sectors, extend beyond the 

measurable productivity loss and into certification delays, risks to quality, and 

overarching strain on the teams. In these scenarios, backfilling is a legitimate and 

potentially more preferable response strategy as the learning is highly valued even in 

moderate turnover rates. 

6.1.4 Portfolio of Intervention Strategies 

Workforce management in low-rate manual assembly production system should be a 

portfolio of intervention strategies. Reoptimization, backfilling, training, retention 

activity, autonomation and selective automation are all complementary levers and not 

substitutes for each other. Investments in training can reduce the overall impact of 

disruption to accelerate learning, while retention initiatives can stabilize system memory. 

Investing in local apprenticeships and developing relationships with trade schools can 

have the same effect. Each will increase the payoff of either the reoptimization or 

backfilling strategy alone. 

Automation can introduce additional complexity by changing the structure of the tasks 

and workforce requirements. This can introduce elevated uncertainty during the transition 

periods. Partial automation and autonomation, where machines perform precision and 

routine tasks and the humans retain responsibility of execution, exceptions, and quality 

will only shift the skill demands of the workforce not eliminate them. Workforce learning 

requirements will increase even as the manual work decreases, this will potentially cause 

higher impacts due to attrition in the workforce. During the transition period, the decision 

support framework between reoptimization and backfilling still remains and managers 
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need to balance the anticipated efficiency benefits against the cost of learning loss and 

reduced system resilience. 

From a systems engineering perspective, this reinforces the need for adaptive workforce 

planning and not reliance on a static optimization. Autonomation will not remove the 

human element from low-rate manufacturing but redefine the role and capability 

requirement of the human-centric system. Sustaining effectiveness on low-rate assembly 

lines requires support to the decision makers that will account for the evolution of worker 

capability, system learning, automation integration, and uncertainty of the workforce. 

6.2 Limitations and Future Research 

The research described provides valuable insights into the decision making under in 

workforce uncertainty but there are limitations that should be acknowledged. The 

production system simulation simplifies many of the complexities of manufacturing 

specifically skill degradation, task equivalency, rework frequency, and informal peer 

training. These omissions can have an effect on the worker-task assignments, where more 

difficult tasks are not assigned to lesser skilled or new workers, and the learning curve 

theory. Further the research focuses on pitting the two strategies, but realistically 

organizations will have adaptive planning measures that blend both strategies. 

The model may not reflect actual behavior of manufacturing managers, as the model 

presents a risk-neutral view and cost focused optimization. In actual practice, the decision 

makers regularly make trade-offs between the short-term gains and long-term production 

stability. Sacrificing tomorrow’s performance for today is not unheard-of. There is space 

in future research to incorporate, explicitly, multi-attribute models that add behavioral 

and organizational behaviors.  

Further evaluation of data in this space would validate the decision support, specifically 

access to real-world data where workforce turnover has impacted manufacturing 

environments. This would require collaborative research, in this model the detailed model 
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could be tested and validated across many decision points in the production system. This 

will add to the model’s integrity, realism, and enables the feature importance of the 

production system data. Future work would bridge this research’s simulation findings 

with the benchmark datasets with expanded real-world data sets that would advance the 

integration of the decision analysis for Industry 4.0 and 5.0. 

This research details how workforce optimization strategies can improve performance in 

a low-rate manual production system. Bridging the gap between the learning curve theory 

and modeling the management system strategies, this study provides an evaluation and 

targeted approach for achieving sustainable assembly line operations where worker 

capability and availability is unknown. 
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(Attached as an Excel Sheet) 
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Appendix 2 
Instance n=20_2 
<number of tasks> 
20 
<cycle time> 
1000 
<order strength> 
0,3 
<task times> 
1 58 
2 224 
3 20 
4 150 
5 410 
6 117 
7 262 
8 94 
9 213 
10 118 
11 191 
12 74 
13 60 
14 117 
15 124 
16 103 
17 178 
18 188 
19 107 
20 53 
<precedence relations> 
1,13 
2,5 
4,6 
5,10 
5,11 
5,12 
6,7 
6,8 
6,9 
7,13 
8,13 
9,13 
10,16 
11,14 
12,15 
13,17 
13,18 
13,19 
13,20 
<end> 
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