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Abstract: Market demand is always more characterized by products variability and life cycle reduction; 

consequently, manufacturing systems need to be always more flexible and adaptable, in order to well react 

to this fluctuating demand. The most common assembly systems configuration is the Fixed Worker (FW) 

assembly line, where the workers always remain in the same workstation, to perform a single and often 

repetitive set of assembling tasks characterized by manual operations. On the other side, in the Walking 

Worker (WW) assembly line each operator travels along the workstations of the line performing all 

assembly tasks. In this context, the introduction of a new product, or a new worker, has an effect on the 

performance of the assembly system, caused by the learning of the new tasks. This paper aims to investigate 

the learning effect on the FW and WW systems and to compare them in order to define the best 

configuration in terms of performance. In particular, it proposes a mathematical model to represent the 

learning effect, also applying it to a numerical example. Results show that FW configuration is preferable 

in standard condition, while when the throughput is fluctuating, WW system is better in terms of 

performance. Future research will extend this study to more case studies in order to better understand the 

trend of this correlation, also considering particular phenomena like workers’ absenteeism and turnover.   

Keywords: Assembly systems, Walking worker, Fixed worker, Learning effect, Comparison model 

 

1. INTRODUCTION 

Nowadays, the market demand is always more characterized 

by the increase of products’ personalization and by the 

reduction of the life cycle of the products. These continuous 

changes have forced manufacturers to design their processes 

capable of responding quickly and economically to such 

unpredictable circumstances, in order to make them more 

resilient. Hence, a resilient system should be designed with the 

capability to suffer minimum production loss during external 

disturbances, and settle itself to the steady state quickly after 

each disruption (Gu et al., 2015). 

While in manufacturing systems many manual operations have 

been moved to automation, in the assembly ones there is still 

a significant and justifiable need for having human operators 

(Katiraee et al., 2021). For example, manual operations can be 

used in the assembly of complex work elements, as well as 

when production demand is unstable, or where the use of 

specialized machines and equipment is unjustifiably 

expensive. Although the presence of human operators can lead 

to undeniable advantages, it can bring also some limitations. 

As known, the flow production has many advantages in terms, 

for example, of productivity, lead times or work in process. On 

the other hand, the cycle time of the flow line is given by the 

slowest station, which in case of manual systems it depends on 

the working times of the human operators. Moreover, when 

referring to human operators and their times to execute 

different tasks, it would be preferable to consider also the 

learning phenomenon (Bukchin and Cohen, 2013). In fact, 

replacing an experienced worker with a new inexperienced one 

(in a station along the line) results in a learning curve for the 

new worker (Villalobos et. al., 2011), who starts working 

slowly. It has been estimated that the first cycle time can take 

between three and fifteen times the standard time of a station 

(Dar-El, 2000; Bukchin and Cohen, 2013). Thus, the 

replacement operator has a good chance of causing a 

temporary bottleneck and dictating the pace for the whole line, 

affecting the line throughput (Montano et al., 2007; Cohen, 2012). 

The most common configuration of flow line production is the 

Fixed Worker (FW) assembly line, where the workers always 

remain in the same workstation, to perform a single and often 

repetitive set of assembling tasks (Wang et al., 2005). Here, 

the possibility to change the production volume is limited, 

because it requires adjusting the number of workers in the line 

according to the changes of the production demand (assembly 

line balancing). The assembly line re-balancing means to 

change the number of assembly stations, their position, the 

components, the tools assignment to each station and, at last, 

the assembly line layout (Calzavara et al., 2021). An 

alternative approach is the so-called Walking Worker (WW) 

assembly line. In this system, each operator travels along the 

workstations of the line performing all assembly tasks. The 

travelling time increases the total assembly time of the 

product, reducing the throughput. As a consequence, a typical 

WW layout configuration is a U-shaped one, reducing the 

distance from the last and the first assembly station. WW 

assembly lines differ from the traditional linear FW assembly 

lines because the workers must be cross-trained, so that each 

one is able to fully assemble the product from beginning to 

end. Secondly, the number of operators is not necessarily equal 

to the number of stations, but it can also be minor, according 

to the required throughput. Typical industrial applications of 
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these assembly systems are for products like water pumps, 

motors, machines and medium-sized assembled products. 

The basic motivation of the research presented in this paper 

arises from the will of studying the impact of the learning 

effect on the FW and WW systems. This starts from the 

consideration of the characteristics of the two systems and of 

how these differently react to various phenomena. In 

particular, this paper proposes a formulation useful to consider 

the learning effect of FW and WW assembly systems 

operators, with a variable throughput. This allows to evaluate 

the trade-off between the learning effect of having cross-

trained operators (as in the WW system) and of having 

operators dedicated to only a set of tasks (as in the FW system),  

according to production volume variations and consequent 

assembly line rebalancing and re-layout. 

The remainder of the paper is organized as follows. Section 2 

presents the literature review on FW and WW systems and on 

assembly systems design considering the learning effect. 

Then, section 3 introduces the definition of the problem and 

the mathematical model for the comparison of the two systems 

on a learning effect perspective. Section 4 reports an 

application case to show some first evidences of the problem, 

while section 5 reports the conclusions and suggestions for 

further research on the topic. 

2. LITERATURE BACKGROUND 

The basic difference of WW system versus FW one is the 

possibility to have moving operators across the assembly 

stations. The most adopted WW approach is the so-called 

“Rabbit Chase”, where each worker travels the entire line, 

moving from one location to another, together with the product 

to be assembled to perform all the required tasks (Wang et al., 

2005). Other possible approaches are the “Bucket Brigades” 

(Bartholdi and Eisenstein, 2005) and the “Baton Touch” 

(Azzam et al., 2011). 

A part of the literature about WW systems is focused on their 

comparison with respect to FW ones, in terms of 

performances, often including also real cases (Al-Zuheri et al., 

2010; Deepak et al., 2017; Calzavara et al., 2021; Calzavara et 

al., 2022). Other contributions deal with the WW system 

analysis and optimization, considering the balancing of the 

workload between the workers (Bartholdi et al., 2007; Bractu 

and Dolgui, 2009); the workers waiting time and travel time 

impact and optimisation (Lassalle et al., 2007; Wang et al., 

2009; Wang et al., 2010); the workers/stations number analysis 

and optimisation (Wang et al, 2007; Cevikcan, 2014; Şahin 

and Kellegöz, 2019).  

Excellent insights about industrial learning has been given by 

Dar-El (2000). Reviews of industrial learning and its 

applications can be found for example in Jaber (2011), or 

Anzanello and Fogliatto (2011). Learning curve theory was 

validated by several researchers such as Royoa and Salas-

Fumás (2013) or Linton and Walsh (2013).  

The learning effect is present in many industrial activities. For 

example, different contributes are available on scheduling 

optimization environment related to job shop, flow shop, or 

GT manufacturing environments (Lai and Lee, 2013; Lee and 

Chung, 2013; Tyagi et al., 2014) also introducing deteriorating 

effects (Sun et al., 2012; Zhao and Tang, 2012). The 

deterioration of tasks times can be motivated by the forgetting 

effect, which is considerable when complex tasks are taken 

into account (Nembhard, 2014). Considering learning, many 

of the papers investigated the inclusion of learning in the 

balancing problem (Merengo and Nava, 1999; Cohen et al. 

2008). Hamta et al. (2013) considered not only learning and 

forgetting but also included the sequence dependency in a 

single model balancing problem, proposing a multi objective 

model that aims to minimize the cycle time, the total 

equipment cost and the smoothness index. However, even if 

the assembly line balancing problem can be affected by the 

learning process especially in the ramp-up phase, the learning 

effect can be considered every time a new substitute worker 

(due to absenteeism and turnover) is present (Cohen, 2012). 

So far, the contributions on learning in assembly have been 

limited to traditional assembly systems, mostly with the 

assumptions of having single model and fixed workers. Few 

studies considered the learning effect in multi or mixed models 

assembly lines (Chakravarty and Shtub, 1992; Wang et al., 

2013; Lolli et al., 2016), where the continuous changing of 

models can create both learning and forgetting processes (Yue 

et al., 2008; Sayin and Karabati, 2007). This is an unsurprising 

matter, as it is well known that complexity affects the learning 

process and determines its pace with a negative effect on the 

learning rate (Dar-El 2000). 

Considering the WW systems together with the learning effect, 

significant modelled approaches seem to be not available in 

literature, while some qualitative approaches related to 

specific case studies can be noted. For example, Wang and 

Bennett (2014) investigated a semi-automated automotive 

engine assembly line in which the traditional strategy of using 

fixed workers in each manual assembly section is replaced by 

a new strategy of using walking workers, where 

each worker is previously trained to accomplish a series of 

assembly tasks independently from start to finish in each 

manual assembly section. The learning curve has been used to 

determine a trade-off decision between the complexity of 

assigned tasks and the duration of completing these tasks by 

a walking worker.  

In our literature review we found that even if the WW 

assembly lines are widely adopted in manufacturing for their 

benefits, not enough scientific studies are available for their 

correct design, set-up and management. In this sense, also the 

inclusion of the learning effect on walking worker systems is 

still an open topic that deserves to be investigated. Therefore, 

the present paper aims at performing a first step towards the 

covering of this research gap, by introducing a study for the 

comparison of a FW system versus a WW one. This allows to 

model and to take into account the different impact that the 

change of the system throughput, together with the consequent 

changes of the systems configurations and of the learning 

curves of the operators can have on the systems. 

3. MODELLING OF THE LEARNING EFFECT 

3.1 Problem description 

The scope of this work is to propose an innovative comparison 
between FW and WW systems in terms of performance and 

productivity considering the learning effect. This grounds on 

the fact that the operators working in a FW system and the ones 

working in a WW one have different learning behaviours. 

In the initial conditions the two systems perform the target 

throughput (𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡), corresponding to the maximum market 
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these assembly systems are for products like water pumps, 

motors, machines and medium-sized assembled products. 

The basic motivation of the research presented in this paper 

arises from the will of studying the impact of the learning 

effect on the FW and WW systems. This starts from the 

consideration of the characteristics of the two systems and of 

how these differently react to various phenomena. In 

particular, this paper proposes a formulation useful to consider 

the learning effect of FW and WW assembly systems 

operators, with a variable throughput. This allows to evaluate 

the trade-off between the learning effect of having cross-

trained operators (as in the WW system) and of having 

operators dedicated to only a set of tasks (as in the FW system),  

according to production volume variations and consequent 

assembly line rebalancing and re-layout. 

The remainder of the paper is organized as follows. Section 2 

presents the literature review on FW and WW systems and on 

assembly systems design considering the learning effect. 

Then, section 3 introduces the definition of the problem and 

the mathematical model for the comparison of the two systems 

on a learning effect perspective. Section 4 reports an 

application case to show some first evidences of the problem, 

while section 5 reports the conclusions and suggestions for 

further research on the topic. 

2. LITERATURE BACKGROUND 

The basic difference of WW system versus FW one is the 

possibility to have moving operators across the assembly 

stations. The most adopted WW approach is the so-called 

“Rabbit Chase”, where each worker travels the entire line, 

moving from one location to another, together with the product 

to be assembled to perform all the required tasks (Wang et al., 

2005). Other possible approaches are the “Bucket Brigades” 

(Bartholdi and Eisenstein, 2005) and the “Baton Touch” 

(Azzam et al., 2011). 

A part of the literature about WW systems is focused on their 

comparison with respect to FW ones, in terms of 

performances, often including also real cases (Al-Zuheri et al., 

2010; Deepak et al., 2017; Calzavara et al., 2021; Calzavara et 

al., 2022). Other contributions deal with the WW system 

analysis and optimization, considering the balancing of the 

workload between the workers (Bartholdi et al., 2007; Bractu 

and Dolgui, 2009); the workers waiting time and travel time 

impact and optimisation (Lassalle et al., 2007; Wang et al., 

2009; Wang et al., 2010); the workers/stations number analysis 

and optimisation (Wang et al, 2007; Cevikcan, 2014; Şahin 

and Kellegöz, 2019).  

Excellent insights about industrial learning has been given by 

Dar-El (2000). Reviews of industrial learning and its 

applications can be found for example in Jaber (2011), or 

Anzanello and Fogliatto (2011). Learning curve theory was 

validated by several researchers such as Royoa and Salas-

Fumás (2013) or Linton and Walsh (2013).  

The learning effect is present in many industrial activities. For 

example, different contributes are available on scheduling 

optimization environment related to job shop, flow shop, or 

GT manufacturing environments (Lai and Lee, 2013; Lee and 

Chung, 2013; Tyagi et al., 2014) also introducing deteriorating 

effects (Sun et al., 2012; Zhao and Tang, 2012). The 

deterioration of tasks times can be motivated by the forgetting 

effect, which is considerable when complex tasks are taken 

into account (Nembhard, 2014). Considering learning, many 

of the papers investigated the inclusion of learning in the 

balancing problem (Merengo and Nava, 1999; Cohen et al. 

2008). Hamta et al. (2013) considered not only learning and 

forgetting but also included the sequence dependency in a 

single model balancing problem, proposing a multi objective 

model that aims to minimize the cycle time, the total 

equipment cost and the smoothness index. However, even if 

the assembly line balancing problem can be affected by the 

learning process especially in the ramp-up phase, the learning 

effect can be considered every time a new substitute worker 

(due to absenteeism and turnover) is present (Cohen, 2012). 

So far, the contributions on learning in assembly have been 

limited to traditional assembly systems, mostly with the 

assumptions of having single model and fixed workers. Few 

studies considered the learning effect in multi or mixed models 

assembly lines (Chakravarty and Shtub, 1992; Wang et al., 

2013; Lolli et al., 2016), where the continuous changing of 

models can create both learning and forgetting processes (Yue 

et al., 2008; Sayin and Karabati, 2007). This is an unsurprising 

matter, as it is well known that complexity affects the learning 

process and determines its pace with a negative effect on the 

learning rate (Dar-El 2000). 

Considering the WW systems together with the learning effect, 

significant modelled approaches seem to be not available in 

literature, while some qualitative approaches related to 

specific case studies can be noted. For example, Wang and 

Bennett (2014) investigated a semi-automated automotive 

engine assembly line in which the traditional strategy of using 

fixed workers in each manual assembly section is replaced by 

a new strategy of using walking workers, where 

each worker is previously trained to accomplish a series of 

assembly tasks independently from start to finish in each 

manual assembly section. The learning curve has been used to 

determine a trade-off decision between the complexity of 

assigned tasks and the duration of completing these tasks by 

a walking worker.  

In our literature review we found that even if the WW 

assembly lines are widely adopted in manufacturing for their 

benefits, not enough scientific studies are available for their 

correct design, set-up and management. In this sense, also the 

inclusion of the learning effect on walking worker systems is 

still an open topic that deserves to be investigated. Therefore, 

the present paper aims at performing a first step towards the 

covering of this research gap, by introducing a study for the 

comparison of a FW system versus a WW one. This allows to 

model and to take into account the different impact that the 

change of the system throughput, together with the consequent 

changes of the systems configurations and of the learning 

curves of the operators can have on the systems. 

3. MODELLING OF THE LEARNING EFFECT 

3.1 Problem description 

The scope of this work is to propose an innovative comparison 

between FW and WW systems in terms of performance and 

productivity considering the learning effect. This grounds on 

the fact that the operators working in a FW system and the ones 

working in a WW one have different learning behaviours. 

In the initial conditions the two systems perform the target 

throughput (𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡), corresponding to the maximum market 

 

 

     

 

demand. Here, it means that both systems work with the 

maximum number of workstations (𝐾𝐾) and of operators (𝑂𝑂𝑂𝑂). 

Then, the two systems have the same design, i.e. the same 

number of workstations and operators, with the same line 

balancing and the assignment of the components to the storage 

locations at each assembly station as in Calzavara et al. (2021). 

The analysis considers the learning effect of the operators 

working in the target configuration, in order to see which is the 

impact of the learning effect if all operators have to learn their 

tasks, as for example in the case of a new product. 

Subsequently, it is investigated how the learning effect affects 

the systems performance in terms of productivity when there 

is a variable throughput, depending by the market demand, 

considering the 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 . When the throughput decreases, 

assuming to operate with a JIT approach, the two systems need 

to be re-designed and re-balanced accordingly. 

When implementing a FW system, each single worker has to 

learn only a set of tasks, i.e. the ones that are assigned to his/her 

assembly station. Then, in this case the training turns out to be 

more simple and rapid, with an easier and faster reaching of 

the production plateau, due to shorter learning curves. 

However, the specialization of each worker in the FW system 

can also represent a strong limitation. In fact, in case of a 

reduction of the required productivity, with the consequent 

change of the whole system configuration (i.e. reduction of the 

number of workstations, line rebalancing, change of the 

storage locations of the components), forces workers to move 

among stations, changing their assembly tasks. The move of 

an operator from a position to another of the line (as also from 

a production line to another) requires to the worker to learn a 

new set or sequence of tasks, including a new learning effect 

that can lead to a new temporary line bottleneck, as described 

before.  

On the other hand, the implementation of a WW system 

requires that each worker has to learn the whole assembly 

process, since he/she has to perform it from beginning to end 

while walking and assembling between all the stations. Of 

course, this leads to a higher learning time and a slower 

reaching of the production plateau, since a walking worker, 

considering the same amount of time compared to a fixed 

worker, has to perform a bigger set of tasks. However, the fact 

of having cross trained operators is more advantageous when 

a lower productivity is required. The WW systems are more 

flexible to volumes changes, since the number of operators 

decreases as the throughput decreases, but the number of 

workstations remains the same, as well as the storage locations 

of the components. Then, in this case all the operators already 

know the whole assembly process; therefore, they are all ready 

to continue working without any particular inefficiency from a 

learning point of view. 

3.2 Mathematical model 

For the proper comparison of the two systems, the following 

assumptions are defined: 

- The two assembly lines are balanced according to a 

SALBP-2. 

- The FW system has a linear layout, while the WW system 

has a U-shaped layout. 

- All tasks times (𝑡𝑡𝑗𝑗) are deterministic. 

- The system has no buffers. 

- The distance between workstations is fixed and equal for 

all workstations (𝐷𝐷 = 3 𝑚𝑚) (as in Calzavara et al., 2021). 

- Operators’ walking speed is constant (𝑣𝑣 = 1 𝑚𝑚/𝑠𝑠, mean 

value taken from those used by Al-Zuheri, 2013). 

- The WW system works with a Rabbit Chase strategy. 

- Each component can be assigned to only one task and each 

task refers to one component. 

- Each task refers to one single assembly activity and one 

picking activity. 

- The components are stored in different storage locations as 

in Bortolini et al. (2017). 

- Operators are male, all with the same skill level and all able 

to carry out all tasks in both configurations as in Al-Zuheri 

(2013). 

- When FW systems need to be re-balanced, the same criteria 

of the balancing in target condition is followed (i.e. the 

minimization of the idle time). 

- The cycle time of the FW system is determined by the 

bottleneck station, while for the WW system the formula 

of Al-Zuheri et al. (2013) is used.   

As mentioned before, in the initial conditions both systems are 

balanced in order to perform 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  with the same number of 

workstations (𝐾𝐾), of operators (𝑂𝑂𝑂𝑂) and of tasks (𝑛𝑛) and has 

the same tasks assignment. We also suppose that operators 

initially are not able to perform their tasks. In order to 

investigate the learning effect, the model of Wright (1936) has 

been used, which proposes the formula: 

𝑡𝑡𝑗𝑗 = 𝑡𝑡1𝑗𝑗 ∙ 𝑛𝑛𝑗𝑗
−𝑏𝑏𝑗𝑗                          (1) 

where 𝑡𝑡1𝑗𝑗 is the time needed to execute the task 𝑗𝑗 for the first 

time, 𝑛𝑛𝑗𝑗 is the number of cycles (repetitions) required to reach 

the target execution time of task 𝑗𝑗, and 𝑏𝑏𝑗𝑗 is the learning 

constant of the task 𝑗𝑗. In our analysis it is supposed to know 

both 𝑡𝑡𝑗𝑗 and 𝑏𝑏𝑗𝑗, while it is necessary to calculate 𝑡𝑡1𝑗𝑗 and 𝑛𝑛𝑗𝑗.  

To define 𝑡𝑡1𝑗𝑗 for each task it is possible to use the following 

empirical equation (Dar-El et al. 1995): 

𝑡𝑡1𝑗𝑗 = (53.68 − 0.57ϕ𝑗𝑗) ∙ 𝑡𝑡𝑗𝑗                        (2) 

where ϕ𝑗𝑗 is the learning slope of task 𝑗𝑗. The relation between 

ϕ𝑗𝑗 and 𝑏𝑏𝑗𝑗 is (Dar-El, 2000): 

ϕ𝑗𝑗 = 100 ∙ 2−𝑏𝑏𝑗𝑗                          (3) 

Knowing the task execution time for the first execution 𝑡𝑡1𝑗𝑗, it 

is then possible to calculate the number of repetitions needed 

to learn task 𝑗𝑗, i.e. 𝑛𝑛𝑗𝑗.  

In order to compare FW and WW systems, the following 

parameters are defined. The first parameter refers to the total 

time needed to learn the execution of task 𝑗𝑗, i.e. the total time 

required to execute 𝑛𝑛𝑗𝑗 repetitions. This time is defined as 

(Camm et al., 1987):  

𝑇𝑇𝑚𝑚,𝑗𝑗 =  ∫ 𝑡𝑡𝑗𝑗 ∙ (𝑛𝑛𝑗𝑗)
−𝑏𝑏𝑗𝑗𝑛𝑛𝑗𝑗

0 =  
𝑡𝑡1𝑗𝑗∙(𝑛𝑛𝑗𝑗)

1−𝑏𝑏𝑗𝑗

1−𝑏𝑏𝑗𝑗
                     (4) 

Consequently, the total time required to reach target conditions 

for the FW system (𝑇𝑇𝑚𝑚
𝐹𝐹𝐹𝐹) is defined as the maximum total time 

required to reach the target conditions by the bottleneck 

workstation: 
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𝑇𝑇𝑚𝑚
𝐹𝐹𝐹𝐹 = 𝑚𝑚𝑚𝑚𝑚𝑚 (𝑇𝑇𝑚𝑚,k)                        (5) 

where 𝑇𝑇𝑚𝑚,k is the sum of all 𝑇𝑇𝑚𝑚,j of the tasks assigned to the 

workstation 𝑘𝑘. Considering the WW system, instead, the total 

time required to reach target conditions (𝑇𝑇𝑚𝑚
𝑊𝑊𝑊𝑊) is the sum of 

all 𝑇𝑇𝑚𝑚,j of all tasks, considering also the travel time: 

𝑇𝑇𝑚𝑚
𝑊𝑊𝑊𝑊 = ∑  (𝑇𝑇𝑚𝑚,𝑗𝑗) + 𝑛𝑛

𝑗𝑗=1 𝑘𝑘 ∙ 𝐷𝐷

𝑣𝑣
∙ 𝑛𝑛𝑊𝑊𝑊𝑊                     (6) 

where 𝑛𝑛𝑊𝑊𝑊𝑊 is the number of repetitions required by the WW 

system to reach target conditions. To compare this parameter, 

the following equation is used: 

∆𝑇𝑇𝑚𝑚 =  𝑇𝑇𝑚𝑚
𝐹𝐹𝐹𝐹−𝑇𝑇𝑚𝑚

𝑊𝑊𝑊𝑊

𝑇𝑇𝑚𝑚
𝐹𝐹𝐹𝐹                            (7) 

Moreover, to compare the productivity of the two systems, we 

can take the maximum total time to reach target conditions 

between the two systems: 

𝑇𝑇𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 = max (𝑇𝑇𝑚𝑚

𝐹𝐹𝐹𝐹, 𝑇𝑇𝑚𝑚
𝑊𝑊𝑊𝑊)                    (8) 

In 𝑇𝑇𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 the FW and WW systems produce respectively: 

𝑉𝑉𝐹𝐹𝐹𝐹 = 𝑛𝑛𝐹𝐹𝐹𝐹 + (𝑇𝑇𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 − 𝑇𝑇𝑚𝑚

𝐹𝐹𝐹𝐹) ∙ 𝑄𝑄𝐹𝐹𝐹𝐹                                (9) 

𝑉𝑉𝑊𝑊𝑊𝑊 = 𝑛𝑛𝑊𝑊𝑊𝑊 + (𝑇𝑇𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 − 𝑇𝑇𝑚𝑚

𝑊𝑊𝑊𝑊) ∙ 𝑄𝑄𝑊𝑊𝑊𝑊               (10) 

Where the number of pieces corresponds to the number of 

repetitions required to reach target conditions (𝑛𝑛𝐹𝐹𝐹𝐹and 𝑛𝑛𝑊𝑊𝑊𝑊) 

plus the pieces produced in the remaining time for the faster 

system at the maximum throughput of the system respectively 

(𝑄𝑄𝐹𝐹𝐹𝐹  and 𝑄𝑄𝑊𝑊𝑊𝑊). This parameter is compared as: 

𝛥𝛥𝛥𝛥 =  𝑉𝑉𝐹𝐹𝐹𝐹−𝑉𝑉𝑊𝑊𝑊𝑊

𝑉𝑉𝐹𝐹𝐹𝐹    [%]                      (11) 

Finally, since we want to evaluate the learning effect on the 

productivity by varying the throughput of the assembly line, it 

is defined the 𝑃𝑃𝑃𝑃%, which represents the production volume 

flexibility parameter: 

𝑃𝑃𝑃𝑃% =  𝑄𝑄

𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
   [%]           (12) 

It considers how much the system is used with respect to its 

maximum threshold 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 . When 𝑃𝑃𝑃𝑃%=100% it means that 

both systems are working at 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , and 𝑂𝑂𝑂𝑂 = 𝐾𝐾 both for FW 

and for WW. When 𝑃𝑃𝑃𝑃% is lower (𝑃𝑃𝑃𝑃%<100%.) it means that 

the system throughput is lower than 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , (𝑄𝑄 = 𝑃𝑃𝑃𝑃% ∙
 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) and, consequently, the number of operators decreases 

for both systems, and for FW system decreases also the 

number of workstations 𝐾𝐾. 

4. NUMERICAL CASE 

In order to have a first glance at the modelled problem and to 

further compare the two systems from the proposed 

perspective, a numerical case is here reported, taken from a 

simplified case study. Table 1 reports the input values.  

 

Table 1.  Numerical case parameters 

Parameter Value(s) 

𝑛𝑛 35 

𝐾𝐾 9, 7, 5, 4, 2 

𝑂𝑂𝑂𝑂 9, 7, 5, 4, 2 

Φ 75-90 

𝑃𝑃𝑃𝑃% 100, 80, 60, 40, 20 

𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 8.05 h 

𝐷𝐷 3 m 

𝑣𝑣 1 m/s 

In target conditions, i.e. when 𝑃𝑃𝑃𝑃% = 100% both systems 

have 9 workstations, with 9 operators. As 𝑃𝑃𝑃𝑃% decreases, the 

systems configurations changes as reported in table 2, 

according to the assumptions.  

Table 2. Systems configuration varying PV% 

PV% System 𝒏𝒏 𝑲𝑲 𝑶𝑶𝑶𝑶 

PV 100% 
FW 35 9 9 

WW 35 9 9 

PV 80% 
FW 35 7 7 

WW 35 9 7 

PV 60% 
FW 35 5 5 

WW 35 9 5 

PV40% 
FW 35 4 4 

WW 35 9 4 

PV20% 
FW 35 2 2 

WW 35 9 2 

To analyse the learning effect, the learning slope has been 

made varying from 74 to 90, according to Dar-El (2013). 

Consequently, knowing the different 𝑡𝑡1𝑗𝑗 and the balancing 

configurations of the two systems, the comparison parameters 

∆𝑇𝑇𝑚𝑚 (eq. 7), and 𝛥𝛥𝛥𝛥 (eq. 11) have been calculated.  

When 𝑃𝑃𝑃𝑃% = 100%, it has been assumed that all workers are 

performing their tasks for the first time. When 𝑃𝑃𝑃𝑃% < 100%, 

workers who have already done tasks previously assigned will 

perform them directly in 𝑡𝑡𝑗𝑗, while in the case the task is re-

assigned in the balancing, it will be performed with 𝑡𝑡1𝑗𝑗. It is 

expected that WW systems will better perform when 𝑃𝑃𝑃𝑃% <
100%, since all workers have learned all tasks in the target 

conditions. FW systems, instead, will perform better when 

𝑃𝑃𝑃𝑃% = 100%, since each worker have to learn less tasks. 
Figure 1 presents the comparison between the two systems 

analysing the parameter ∆𝑇𝑇𝑚𝑚 varying the learning slope ϕ and 

the systems’ throughput 𝑃𝑃𝑃𝑃%. When ∆𝑇𝑇𝑚𝑚<0, it means that the 

FW system has a lower 𝑇𝑇𝑚𝑚, i.e. the system is faster in reaching 

the standard conditions. Otherwise, if ∆𝑇𝑇𝑚𝑚>0, WW system is 

preferable. Figure 1 shows that FW system is preferable when 

PV% is 100% or few less, otherwise WW system is preferable, 

independently by the learning slope ϕ. This because WW 

systems are slower, since all operators need to learn all tasks 

at the beginning; however, when volumes change, all operators 

are able to perform all tasks. Moreover, figure 2 shows how 

𝑇𝑇𝑚𝑚 values vary in both configurations when PV% is 100%; in 

both configurations as ϕ increases, 𝑇𝑇𝑚𝑚 increases too, till ϕ=86, 

and then decreases. Anyway, the values of 𝑇𝑇𝑚𝑚 of WW system 

are much greater than FW ones, since the number of tasks the 

WW workers have to learn are much more.  
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𝑇𝑇𝑚𝑚
𝐹𝐹𝐹𝐹 = 𝑚𝑚𝑚𝑚𝑚𝑚 (𝑇𝑇𝑚𝑚,k)                        (5) 

where 𝑇𝑇𝑚𝑚,k is the sum of all 𝑇𝑇𝑚𝑚,j of the tasks assigned to the 

workstation 𝑘𝑘. Considering the WW system, instead, the total 

time required to reach target conditions (𝑇𝑇𝑚𝑚
𝑊𝑊𝑊𝑊) is the sum of 

all 𝑇𝑇𝑚𝑚,j of all tasks, considering also the travel time: 

𝑇𝑇𝑚𝑚
𝑊𝑊𝑊𝑊 = ∑  (𝑇𝑇𝑚𝑚,𝑗𝑗) + 𝑛𝑛

𝑗𝑗=1 𝑘𝑘 ∙ 𝐷𝐷

𝑣𝑣
∙ 𝑛𝑛𝑊𝑊𝑊𝑊                     (6) 

where 𝑛𝑛𝑊𝑊𝑊𝑊 is the number of repetitions required by the WW 

system to reach target conditions. To compare this parameter, 

the following equation is used: 

∆𝑇𝑇𝑚𝑚 =  𝑇𝑇𝑚𝑚
𝐹𝐹𝐹𝐹−𝑇𝑇𝑚𝑚

𝑊𝑊𝑊𝑊

𝑇𝑇𝑚𝑚
𝐹𝐹𝐹𝐹                            (7) 

Moreover, to compare the productivity of the two systems, we 

can take the maximum total time to reach target conditions 

between the two systems: 

𝑇𝑇𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 = max (𝑇𝑇𝑚𝑚

𝐹𝐹𝐹𝐹, 𝑇𝑇𝑚𝑚
𝑊𝑊𝑊𝑊)                    (8) 

In 𝑇𝑇𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 the FW and WW systems produce respectively: 

𝑉𝑉𝐹𝐹𝐹𝐹 = 𝑛𝑛𝐹𝐹𝐹𝐹 + (𝑇𝑇𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 − 𝑇𝑇𝑚𝑚

𝐹𝐹𝐹𝐹) ∙ 𝑄𝑄𝐹𝐹𝐹𝐹                                (9) 

𝑉𝑉𝑊𝑊𝑊𝑊 = 𝑛𝑛𝑊𝑊𝑊𝑊 + (𝑇𝑇𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 − 𝑇𝑇𝑚𝑚

𝑊𝑊𝑊𝑊) ∙ 𝑄𝑄𝑊𝑊𝑊𝑊               (10) 

Where the number of pieces corresponds to the number of 

repetitions required to reach target conditions (𝑛𝑛𝐹𝐹𝐹𝐹and 𝑛𝑛𝑊𝑊𝑊𝑊) 

plus the pieces produced in the remaining time for the faster 

system at the maximum throughput of the system respectively 

(𝑄𝑄𝐹𝐹𝐹𝐹  and 𝑄𝑄𝑊𝑊𝑊𝑊). This parameter is compared as: 

𝛥𝛥𝛥𝛥 =  𝑉𝑉𝐹𝐹𝐹𝐹−𝑉𝑉𝑊𝑊𝑊𝑊

𝑉𝑉𝐹𝐹𝐹𝐹    [%]                      (11) 

Finally, since we want to evaluate the learning effect on the 

productivity by varying the throughput of the assembly line, it 

is defined the 𝑃𝑃𝑃𝑃%, which represents the production volume 

flexibility parameter: 

𝑃𝑃𝑃𝑃% =  𝑄𝑄

𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
   [%]           (12) 

It considers how much the system is used with respect to its 

maximum threshold 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 . When 𝑃𝑃𝑃𝑃%=100% it means that 

both systems are working at 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , and 𝑂𝑂𝑂𝑂 = 𝐾𝐾 both for FW 

and for WW. When 𝑃𝑃𝑃𝑃% is lower (𝑃𝑃𝑃𝑃%<100%.) it means that 

the system throughput is lower than 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , (𝑄𝑄 = 𝑃𝑃𝑃𝑃% ∙
 𝑄𝑄𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) and, consequently, the number of operators decreases 

for both systems, and for FW system decreases also the 

number of workstations 𝐾𝐾. 

4. NUMERICAL CASE 

In order to have a first glance at the modelled problem and to 

further compare the two systems from the proposed 

perspective, a numerical case is here reported, taken from a 

simplified case study. Table 1 reports the input values.  

 

Table 1.  Numerical case parameters 

Parameter Value(s) 

𝑛𝑛 35 

𝐾𝐾 9, 7, 5, 4, 2 

𝑂𝑂𝑂𝑂 9, 7, 5, 4, 2 

Φ 75-90 

𝑃𝑃𝑃𝑃% 100, 80, 60, 40, 20 

𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 8.05 h 

𝐷𝐷 3 m 

𝑣𝑣 1 m/s 

In target conditions, i.e. when 𝑃𝑃𝑃𝑃% = 100% both systems 

have 9 workstations, with 9 operators. As 𝑃𝑃𝑃𝑃% decreases, the 

systems configurations changes as reported in table 2, 

according to the assumptions.  

Table 2. Systems configuration varying PV% 

PV% System 𝒏𝒏 𝑲𝑲 𝑶𝑶𝑶𝑶 

PV 100% 
FW 35 9 9 

WW 35 9 9 

PV 80% 
FW 35 7 7 

WW 35 9 7 

PV 60% 
FW 35 5 5 

WW 35 9 5 

PV40% 
FW 35 4 4 

WW 35 9 4 

PV20% 
FW 35 2 2 

WW 35 9 2 

To analyse the learning effect, the learning slope has been 

made varying from 74 to 90, according to Dar-El (2013). 

Consequently, knowing the different 𝑡𝑡1𝑗𝑗 and the balancing 

configurations of the two systems, the comparison parameters 

∆𝑇𝑇𝑚𝑚 (eq. 7), and 𝛥𝛥𝛥𝛥 (eq. 11) have been calculated.  

When 𝑃𝑃𝑃𝑃% = 100%, it has been assumed that all workers are 

performing their tasks for the first time. When 𝑃𝑃𝑃𝑃% < 100%, 

workers who have already done tasks previously assigned will 

perform them directly in 𝑡𝑡𝑗𝑗, while in the case the task is re-

assigned in the balancing, it will be performed with 𝑡𝑡1𝑗𝑗. It is 

expected that WW systems will better perform when 𝑃𝑃𝑃𝑃% <
100%, since all workers have learned all tasks in the target 

conditions. FW systems, instead, will perform better when 

𝑃𝑃𝑃𝑃% = 100%, since each worker have to learn less tasks. 
Figure 1 presents the comparison between the two systems 

analysing the parameter ∆𝑇𝑇𝑚𝑚 varying the learning slope ϕ and 

the systems’ throughput 𝑃𝑃𝑃𝑃%. When ∆𝑇𝑇𝑚𝑚<0, it means that the 

FW system has a lower 𝑇𝑇𝑚𝑚, i.e. the system is faster in reaching 

the standard conditions. Otherwise, if ∆𝑇𝑇𝑚𝑚>0, WW system is 

preferable. Figure 1 shows that FW system is preferable when 

PV% is 100% or few less, otherwise WW system is preferable, 

independently by the learning slope ϕ. This because WW 

systems are slower, since all operators need to learn all tasks 

at the beginning; however, when volumes change, all operators 

are able to perform all tasks. Moreover, figure 2 shows how 

𝑇𝑇𝑚𝑚 values vary in both configurations when PV% is 100%; in 

both configurations as ϕ increases, 𝑇𝑇𝑚𝑚 increases too, till ϕ=86, 

and then decreases. Anyway, the values of 𝑇𝑇𝑚𝑚 of WW system 

are much greater than FW ones, since the number of tasks the 

WW workers have to learn are much more.  

 

 

     

 

 

Figure 1. ∆𝑻𝑻𝒎𝒎 comparison FW vs WW. 

 

Figure 2. 𝑻𝑻𝒎𝒎 comparison FW vs WW, PV=100%. 

 

Figure 3.  𝑻𝑻𝒎𝒎 comparison FW vs WW, PV=80%. 

Otherwise, as shown in figure 3, when the throughput 

decreases, FW system still has 𝑇𝑇𝑚𝑚 with the same trend as 

before, while WW system has 𝑇𝑇𝑚𝑚= 0; this because WW 

workers have no tasks to learn, while FW ones need to learn 

some new tasks due to the re-balancing.  

Finally, figure 4 presents the comparison between the two 

systems analysing the parameter 𝛥𝛥𝛥𝛥varying the learning slope 

ϕ and the systems’ throughput 𝑃𝑃𝑃𝑃%. When 𝛥𝛥𝛥𝛥>0, it means 

that the FW system has a higher productivity, i.e. the system is 

faster in reaching the standard conditions; otherwise, if 𝛥𝛥𝛥𝛥<0, 

the WW system is preferable. In this case, FW system is 

preferable only when PV% is 100%, as demonstrated before. 

Moreover, the figure shows that as ϕ increases, i.e. as the tasks 

are easier, the less WW systems are preferable. In this 

numerical example, finally, when PV% is 80%, WW systems 

are preferable respect other PV% values, due to the effect of 

the re-balancing.  

 

Figure 4. 𝜟𝜟𝜟𝜟 comparison FW vs WW. 

5. CONCLUSIONS 

The present work aims to investigate the effect of learning 

effect on assembly systems, and in particular to compare it in 

two different configurations, i.e. the FW and the WW ones. 

This is just a first attempt to study the relationship between the 

learning effect and the productivity of these two different 

systems. The model and the numerical application highlight 

that the learning effect influences the two systems differently, 

especially when the throughput is fluctuating. When the 

systems work at their maximum throughput, FW systems are 

faster in reaching the target productivity, while when the 

market demand decreases, and systems need to be 

reconfigured in terms of workstations and workers, WW 

systems result preferable. The proposed model, despite the 

limitations, leads to interesting outcomes. Future research will 

investigate this issue in depth, by applying the model to 

multiple different cases, with different tasks and number of 

workstations, aiming not only to study the productivity, but 

also to investigate the influence of others parameters on the 

configuration choice. Among others, it will be studied the 

influence of absenteeism and turnover on the reactiveness and 

the productivity of both systems. Other important aspects that 

could be considered in relation to productivity are the 

ergonomic effect, the use of human-centred technologies, 

which can accelerate the learning process, and the 

anthropometric and physiological characteristics of each 

worker.  
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