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Abstract

The paradigm shift toward Industry 4.0 is facilitating human capability, and at the center of the research are the workers—
Operator 4.0—and their knowledge. For example, new advances in augmented reality and human—machine interfaces have
facilitated the transfer of knowledge, creating an increasing need for labor flexibility. Such flexibility represents a managerial
tool for achieving volume and mix flexibility and a strategic means of facing the uncertainty of markets and growing global
competition. To cope with these phenomena, which are even more challenging in high-variety, low-volume contexts, produc-
tion planning and control help companies set reliable due dates and shorten lead times. However, integrating labor flexibility
into the most consolidated production planning and control mechanism for a high-variety, low-volume context—workload
control—has been quite overlooked, even though the benefits have been largely demonstrated. This paper presents a math-
ematical model of workload control that integrates labor flexibility into the order review and release phase and simulates the
impact on performance. The main results show that worker transfers occur when they are most needed and are minimized

compared to when labor flexibility is at a lower level of control—shop-floor level—thus reducing lead time.

Keywords Workload control - Output control - Labor flexibility - Human factors - Production planning - Industry 4.0

1 Introduction

Growing global market competition and the increased diver-
sity of customer demands have led to the rapid develop-
ment of manufacturing (Tao et al. 2017). These phenom-
ena make the demand more difficult to predict along, thus
affecting the setting of reliable due dates. Companies that
fail to establish long-lasting relationships with customers
because of unreliable due dates are destined to disappear
from the market (Kingsman and Hendry 2002). This is the
reason why companies must shorten lead times and improve
due-date estimation, which is especially challenging for
companies that are producing on a to-order basis. To cope
with this challenge, production planning and control (PPC)
mechanisms (Matachowski and Korytkowski 2016; Reuter
and Brambring 2016) play a fundamental role since PPC
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is intended to ensure a company’s profitability by deliver-
ing goods to customers on time and in the right quantities.
Workload control (WLC) is a consolidated PPC mechanism
that was developed for high-variety, low-volume contexts,
such as small- and medium-sized make-to-order (MTO)
companies (Kundu et al. 2020; Stevenson et al. 2005),
and it has been demonstrated to provide good margins of
improvements (Kundu et al. 2020, 2018; Portioli-Staudacher
et al. 2020). In addition to PPC, to cope with variability and
uncertainties—for example, of demand—companies adopt
different buffering strategies, such as inventory or capacity
buffers (i.e., excess capacity). However, flexibility plays a
fundamental role in mitigating buffering needs and costs
(Hopp and Spearman 2011). Capacity buffers can be real-
ized through outsourcing production, hiring new workers
or cross-training them in a wider range of tasks to achieve
higher labor flexibility. In particular, labor flexibility is a
managerial tool that can be used to achieve volume and mix
flexibility in production, which is a strategic means of fac-
ing uncertainty in markets and growing global competition
(Goyal and Netessine 2011). This approach has recently
become even more crucial with the advent of Industry 4.0
technologies since humans are still by far the most flexible
production factor. In fact, one of the key issues in Industry
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4.0 is enabling human-centric capability, which leads to
Operator 4.0 (Romero et al. 2016) and Operator—Worksta-
tion Interaction 4.0 (Golan et al. 2020).

The increasing need for labor flexibility leads workers to
perform a wider range of tasks and to share more responsi-
bilities, creating a need for more overall on-the-job knowl-
edge that is available at the right time and in the right place
(Hannola et al. 2018). Such knowledge is currently enabled
by Industry 4.0 technologies, such as human—-machine inter-
faces and augmented reality (AR).

The social environment for manufacturing has changed
considerably in recent years (Jardim-Goncalves et al. 2016),
leading to the rapid development of manufacturing (Tao
et al. 2017). In line with this development, the skills, flex-
ibility and efficiency of shop-floor workers are decisive fac-
tors in ensuring accurate product specifications, meeting
deadlines and keeping machines running (Yew et al. 2016).
Although often neglected, human factors, especially flexibil-
ity, are important elements in real production settings (Gong
et al. 2017). Workers who are flexible and can perform a
variety of tasks are likely to solve problems more efficiently
and to generate new product ideas (Oke 2013). The wider a
worker’s variety of skills, the more flexible the worker is in
terms of the variety of goods/services produced or the range
of job assignments (Sawhney 2013).

In the last decade, an increasing number of novel dig-
ital technologies, such as AR and the Internet of Things
(IoT), have shown their potential to empower human work-
ers (Koffer 2015). Here, the term “empowerment” refers to
empowering the users of digital technology, for example,
by increasing their strengths, competences, performance
and satisfaction. This can be done by providing them with
action-relevant knowledge for their tasks. Hence, digital
technologies are expected to vastly improve the knowledge
management processes of workers and generate immediate
benefits for their work (Hannola et al. 2018). In this sense,
Industry 4.0 technologies currently represent strong enablers
for labor flexibility, which is crucial in present-day markets.

Having introduced the synergism between PPC and labor
flexibility enabled by Industry 4.0 technologies, as both tar-
get the delivery of goods on time, making companies more
profitable in the market, this study aims to present and test
through computer-based simulation a new PPC model for
high-variety, low-volume companies that integrates labor
flexibility.

The remainder of this paper is structured as follows: In
Sect. 2, the authors review the relevant literature on WLC,
the consolidated PPC mechanism for high-variety, low-
volume companies, and labor flexibility and the associ-
ated Industry 4.0 enabling technologies. Additionally, the
research questions that motivated the study are presented.
Section 3 presents the mathematical WLC model that inte-
grates labor flexibility along with the simulation model.

Then, the results are presented and discussed in Sect. 4
before the conclusions are presented in Sect. 5.

2 Literature review
2.1 Workload control

WLC is a PPC mechanism specifically developed for a high-
variety, low-volume context. The concept has been shown
to significantly improve production system performance
through simulation (Kundu et al. 2020, 2018; Portioli-Stau-
dacher et al. 2020) and, on occasion, in practice.

While there are several different approaches to WLC
(Bergamaschi et al. 1997), a major unifying principle is
input/output control (I/OC); i.e., a shop’s input rate should
be equal to its output rate (e.g., Wight 1970; Plossl and
Wight 1971). Consequently, there are two control mecha-
nisms within the WLC concept (Land and Gaalman 1996;
Kingsman 2000): (i) input control (I/C), which regulates the
work that enters the shop and/or shop floor, and (ii) output
control (O/C), which uses capacity adjustments to regulate
the outflow of work.

As in previous WLC studies, it is assumed that all jobs
are accepted, materials are available, and all necessary infor-
mation, e.g., regarding shop-floor routing and processing
times, is known. If order release is applied, jobs are not
immediately released to the shop floor but are retained in a
so-called preshop pool (PSP) from which they are released
to meet certain performance targets. There are many order
release methods in the WLC literature; for example, see the
reviews by Wisner (1995), Land and Gaalman (1996) and
Bergamaschi et al. (1997). Workload limiting (WL) is rec-
ognized by practitioners and academics as the seminal order
review and release (ORR) method for workload implemen-
tation (see Bechte 1988), and it has been proven to lead
to significant performance improvement (Oosterman et al.
2000; Yan et al. 2016). It keeps the workload that has been
released from the PSP but not yet completed at each station
within certain limits or norms.

While I/C has received much attention in the WLC lit-
erature (Fredendall et al. 2010; Land et al. 2015; Melnyk
and Ragatz 1989; Philipoom et al. 1993; Sabuncuoglu and
Karapinar 1999; Kundu et al. 2020; Thiirer et al. 2015),
the effective realization of O/C has been largely neglected
(Thiirer et al. 2016a, b). Only recently has more research
emerged that uses WLC theory to guide O/C decisions—
in particular, regarding when to increase capacity (Land
et al. 2015; Thiirer et al. 2014, 2015). Few studies have
investigated the effect of O/C within WLC theory (most of
them have used a job-shop configuration), and most have
not focused on a specific O/C strategy except Thiirer et al.
(2014, 2015), who investigated how the subcontracting
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decision improves performance. Land et al. (2015) used
simulation to investigate a short-term increase in capacity
in response to the violation of a given level of the work-
load and showed that small but timely capacity adjustments
targeted at high-load periods significantly improve delivery
performance. More recently, Thiirer et al. (2016a, b, 2018)
combined this O/C mechanism with WLC order release and
due-date setting, and Shoaib-ul-Hasana et al. (2018) in two
case studies proposed and tested a routine-based framework
implementing WLC in which, at the execution stage, capac-
ity is adjusted by means of dynamic allocation of workers
among different assembly cells when the capacity require-
ment exceeds the limit.

However, major assumptions of all existing studies on
O/C in the WLC literature are that capacity is increased
(e.g., Land et al. 2015; Shoaib-ul-Hasana et al. 2018), work
subcontracted (e.g., Thiirer et al. 2014), or work rejected
(e.g., Kingsman and Hendry 2002). This perspective
neglects an important factor often used in practice to deal
with temporary overloads: worker allocation from under-
loaded stations to overloaded stations. This approach was
considered by Portioli-Staudacher et al. (2020), who showed
the impact on performance of allocating dynamically idle
workers from underloaded stations to overloaded stations
with a workload-controlled release of orders, with the labor
flexibility decision made at the execution stage on the shop
floor. Additionally, Costa et al. (2019) presented a prelimi-
nary study on how to consider labor flexibility decisions at
a higher level of control, that is, the order release phase of
WLC.

2.2 Labor flexibility

The term labor flexibility is used to indicate the relative
ease with which workers can be shifted among organiza-
tional units (Frye 1974). An important characteristic of the
workforce is the development of multiple skills (Hopp et al.
2004); the larger a worker’s range of skills, the more flexible
the worker is, either in terms of the variety of goods and/
or services he/she can produce or in terms of the range of
job assignments he/she can undertake (Sawhney 2013). This
flexibility in turn can be used as a buffer to protect through-
put from variability, specifically in production contexts with
high variability (Treleven 1989; Kher and Fredendall 2004).
Labor flexibility is typically modeled through cross-training
or flexibility matrices (Park and Bobrowski 1989; Park 1991;
Brusco and Johns 1998) and through worker assignment
rules since workers are relocated among stations.

Worker assignment is typically driven by three questions:
When should a worker be transferred? Where should the
worker be transferred? Who (i.e., which worker) should
be transferred? Two main types of When rules are used in
the literature: a centralized rule under which a worker is
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transferred each time an order is completed and a decen-
tralized rule under which a worker is transferred after com-
pleting all orders (in process and queueing) at his/her cur-
rent station. In contrast, a broad set of different Where rules
exists, but the literature typically argues that the Where rule
has less impact than the When rule (Xu et al. 2011). Mean-
while, Who rules are dominated by workers’ efficiency con-
siderations (Bobrowski and Park 1993); they are relevant
only if workers are not perfectly interchangeable. In fact,
labor efficiency is service rate at which a worker can work at
a station (Bobrowski and Park, 1993). If a worker is assigned
to a new station, then a productivity loss is likely to occur.
The concept of flexibility does not consider this effect;
rather, workers are assumed to either have the maximum
level of efficiency or to be unable to work at a station.

2.3 Industry 4.0 enabling technologies

With the paradigm shift toward Industry 4.0, resources
should become “smart” by providing real-time awareness
and interaction capacity for the manufacturing environment
and personnel. This shift is completed not only by installing
smart machines in a factory but also by facilitating human
capability (Wang et al. 2020), with new types of interactions
between humans and machines that improve the nature of
work and increase the flexibility of production (Oztemel and
Gursev 2020). According to Orio (2015), integrating context
awareness and data mining techniques with traditional and
control solutions will reduce production line downtimes,
maintenance problems, and operational costs of manufac-
turing and at the same time guarantee more efficient manage-
ment of human resources in manufacturing environments.

AR is an innovative human—machine interaction (HMI)
that overlays virtual components on a real-world environ-
ment (Dini and Della Mura 2015). It has many potential
manufacturing applications, including assembly, mainte-
nance, product design, layout planning, robotics (Backhaus
and Reinhart 2017) and machining (Yew et al. 2016), with
several correlated benefits.

For example, in the assembly domain, Tang et al. (2002)
evaluated the effectiveness of spatially overlaid instructions
using AR in an assembly task compared with other tradi-
tional media and found that the error rate was reduced by
82%. In the field of automobile production, Reiners et al.
(1999) introduced AR for assembling car doors by creating a
real-time fully three-dimensional HMD-based training appli-
cation showing how to assemble the door lock in the door.
In maintenance engineering systems, Lipson et al. (1998)
presented a new online product maintenance approach based
on AR. Takata et al. (2001) proposed an operation support
system that provided information on disassembly sequences
of copying machines.
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To accelerate operators’ cognition process, Seki (2003)
invented a production cell called “Digital Yatai” that moni-
tors assembly progress and presents information about the
next step in the process. Using a semitransparent head-
mounted display, Reinhart and Patron (2003) developed an
AR system to supply information to an operator about the
task he/she is performing. Sugi et al. (2005) used a projec-
tor to provide assembly information to an operator, while
Longo et al. (2017) introduced a Sophos-MS that could inte-
grate AR content and intelligent tutoring systems to support
operators in complex HMIs.

According to Reinhart and Patron (2003), using AR in
production offers advantages wherever there is a large pro-
portion of search time, workers have to frequently change
work content, or the assembly task is very complex and
requires a large amount of information. Currently, the
increasing need for the flexibility of production workers has
resulted in their performing a wider range of tasks and shar-
ing more responsibilities. This change has created a need
for more overall on-the-job knowledge that is available at
the right time and in the right place (Hannola et al. 2018).

2.4 Discussion of the literature

WLC studies on O/C are limited. Moreover, the existing
literature is not concerned with the type of capacity adjust-
ment but simply assumes an increase in capacity (Land et al.
2015; Thiirer et al. 20164, b), with the exception of Portioli-
Staudacher et al. (2020), who considered labor flexibility at
the shop-floor level, and Costa et al. (2019), who examined
the order release stage. Thus, the possible impact of labor
flexibility that is currently enabled by on-the-job knowledge
technologies, such as AR, on achieving volume flexibility,
which is crucial in facing growing global competition, has
been neglected. Moreover, small capacity adjustments tar-
geted at handling high-load periods improve performance
(Land et al. 2015), suggesting that high- and low-load peri-
ods must be taken into account in releasing customers’ order
release. Additionally, Fredendall et al. (1996) incorporated
labor availability information into order release, disregard-
ing, however, the main advances in order release in the WLC
literature.

Based on this premise, this study aims to (i) present a
WLC model that integrates labor flexibility at the order
release phase of WLC and (ii) assess, through simulation,
the model’s impact on performance.

2.5 Research methodology

This section is divided into two subsections. Section 3.1
presents the WLC model that integrates labor flexibility—
with workers dynamically allocated from underloaded sta-
tions to overloaded stations—at the order release phase of

WLC (WLWorker +). Section 3.2 presents the simulation
model that aims to assess the impact on performance of
WLWorker+.

For this study, we consider companies operating in a
high-variety, low-volume context with production that fol-
lows a dominant flow sequence, as in previous studies in the
WLC domain (Kundu et al. 2018, 2019; Portioli-Staudacher
et al. 2020; Costa et al. 2019). Such companies can be found,
for example, in the ceramics industry and in furniture man-
ufacturing (Portioli-Staudacher and Tantardini 2012). We
consider pure flow lines with multiple manned workstations
that produce large products, as in the automotive or CNC
machining industry (Dimitriadis 2006). The product size is
sufficient to allow two workers to perform together on the
same order, avoiding any blocking situation. The pure flow
shop in this study has a number of workers equal to the
number of stations—five.

2.6 WLWorker+

One of the early implementations of WL was Bertrand’s
workload concept presented in Land and Gaalman (1996). It
has received much attention in the literature, with research-
ers testing different methodologies to account for job work-
load (Oosterman et al. 2000), investigating the integration
of due-date information (Thiirer et al. 2017), and trying to
integrate O/C (Thiirer et al. 2016a, b). In all cases, the most
commonly implemented version is as follows:

1. All jobs in the PSP are prioritized according to the dis-
patching rule (e.g., first come first served).

2. Job i with the highest priority is considered first for
release.

3. Jobiis released if its contribution to station load together
with the current station load does not exceed the work-
load norm for all stations at the same time. However, if
the job’s contribution load exceeds the workload norm,
it is retained in the PSP.

We extend the WL model, proposing WLWorker+, which
integrates labor flexibility decisions into ORR. It is built on
the consideration that after the release of orders from the
PSP, the workload at each station is known. Indeed, it hap-
pens that some stations (there is at least one that violates
the workload norm and stops the release of orders) are fully
loaded, meaning their workload is equal to the workload
norm, and some others are not fully loaded, meaning their
workload is lower than the workload norm.

Based on this premise, a second review of orders
remaining in the PSP—if there are any left—may occur.
During this second order review, orders could eventually
be released if their workload contribution to stations that
are fully loaded is absorbed by stations whose workload is
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lower than the workload norm. Figure 1 presents this situ-
ation: station 1 and station 4 reached the workload norm
and limited the release of orders from the PSP, while sta-
tions 2, 3 and 5 did not reach the workload norm.

A new order in the PSP is evaluated, and its contribu-
tion to the workload at each station is considered (area
with wide downward diagonal lines). The evaluation of the
new order causes some stations to require extra capacity
(station 1 and station 4) that can be absorbed by stations
2 and 3.

The extra load that stations 2 and 3 could undertake and
the extra capacity that stations 1 and 4 could receive is stored
in the matrix of capacity adjustments (CAdj) (Table 1).

All the values of CAdj(i, j) in the matrix are greater than
or equal to 0, and they indicate the free capacity in time units
that could be provided by worker i—because the workload
of station i is lower than the norm—to station j—which has
reached the workload norm. In Table 1, the value of CAdj(3,
1) is equal to 35 time units, which means that worker 3 could
provide an extra load of 35 time units to station 1. This
results in an extra load for worker 3 and a temporary free
capacity for station 1.

After the evaluation of the matrix of capacity adjust-
ments, the following steps are performed (Costa et al. 2019):

1. The expected workload for worker i is computed as fol-
lows:

Table 1 Matrix of CAdj(i,j),
capacity adjustments, of worker
i to station j 1 234 5

CAdj(i, j) TO ()

FROM (i)

m oA W -
w o~
(9,1

c oo ~o

o
(= = =)
(=)
~ o O o o

and Free Capacity(j) are computed from the matrix of
capacity adjustments as follows:

N
ExtraLoad(i) = Z CAdj(i, j) @)
7=0

ExtralLoad(i) is defined as the workload that worker
i performs at station j. It is obtained through a hori-
zontal sum of the matrix of capacity adjustments.

N
FreeCapacity(j) = Z CAdj(j, i) 3
7=0

FreeCapacity(j) is the workload of station Z, which needs
free capacity, performed by worker j. It is obtained through
a vertical sum of the matrix of capacity adjustments.
2. Two sets of stations are defined: a set ¢ of stations with

ExpectedWorkload(i) = StationWorkload(i) + ExtraLoad(i) — FreeCapacity(j) (D

where Station Workload(i) is computed as for station
workload in WL (Oosterman et al. 2000). Extral.oad(i)

Fig. 1 Workload computation
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posed of stations with Expected Workload(i) lower than
the average expected workload (average computed across
all stations, considering ExpectedWorkload(i)). They can
provide their free capacity to stations in €, which is
composed of stations with Expected Workload(i) higher
than the average expected workload. The extent to which
stations in € need temporarily extra capacity is equal
to the workload contribution of the order in the PSP
under evaluation. The extent to which stations in ¢ can
provide free capacity is defined according to the differ-
ence between their expected workload and the workload
norm.

3. All possible permutations (Pe) of the stations in ¢ to
stations in  are calculated. Every permutation of the
resulting set represents a possible allocation from a sta-
tion in @ to a station in Q.

4. All possible worker allocations that combine stations in
@ with stations in € that are not feasible (i.e., the free
capacity of stations in @ is not enough to fulfill the need
for extra load of stations in Q) are eliminated.

5. A score is assigned to each permutation as follows:

Score(Pe) = ZjExtraTime(j) 4)

where ExtraTime(j) is the amount of extra load in time
units.

The permutation that minimizes the score is selected,
and in this way, the allocation of worker i to station j that
minimizes the time units that worker i spends at station
Jj is determined.

6. Release of the job from the PSP.

At the end of this second phase of WLWorker+, all the
jobs that have not been released are retained in the PSP,
and they are reevaluated for release during the next release
period.

The decisions of Who is selected for allocation and
Where they will be allocated are intrinsically defined by
WLWorker+, as shown above.

2.7 Simulation assessment

Discrete event simulation is implemented as one of the
most commonly used techniques to analyze and test man-
ufacturing systems (Negahban and Smith 2014; Thomas
et al. 2018). It is used to assess WLWorker+ (presented in
Sect. 3.1) against WL with labor flexibility at the execution
stage (WLWorker), as in Portioli-Staudacher et al. 2020. The
nonflexible scenario (WL static)—workers who do not move
among stations—is also presented as the baseline. A stylized
simulation model was implemented in the Python program-
ming language using the SimPy simulation module to pre-
vent interactions that could interfere with the understanding

of the main experimental factors. While every shop in prac-
tice could differ from the stylized model, it captures the
job and shop characteristics of MTO companies, i.e., high
processing time variability and high arrival rate variability
(Rossini et al. 2019). We have kept our flow shop relatively
small since this allows causal factors to be identified more
easily. The shop is a line composed of 5 stations, as in pre-
vious studies (Kundu et al. 2018, 2020; Portioli-Staudacher
et al. 2020; Costa et al. 2019). There is one worker per
station, so the shop is fully staffed, and no dual resource
constraint exists. Each station can allow the simultaneous
operation of more than one worker at the same station, and a
maximum of 2 workers can work simultaneously at the same
station. Operation processing time follows a log-normal dis-
tribution truncated at 360 time units with a mean of 30 time
units and variance equal to 900 time units. The interarrival
time of jobs follows an exponential distribution with a 4 that
ensures that workers are, on average, occupied for 93.75%
of their time. Due dates are set exogenously by adding a
random allowance factor, uniformly distributed, to the job
entry time. The minimum is set considering the maximum
processing time and the routing length of jobs. Finally, the
first come first served rule is used for priority dispatching.

The labor flexibility parameters are summarized in
Table 2.

For WLWorker+, the Where and Who rules are deter-
mined by the matrix of capacity adjustments, as presented
in Sect. 3.1.

The input parameters to the simulation model (operation
processing times, interarrival times and due dates) are gener-
ated from the probability distribution of random variables.
The probability distribution functions are those most com-
monly used in the operations literature (Thiirer et al. 2016a,
b; Kundu et al. 2018, 2020; Portioli-Staudacher and Tan-
tardini 2012) to recreate the behavior of a theoretical flow
shop in the high-variety, low-volume context. To increase
the accuracy of the model, common random numbers and
antithetic variates techniques have been used as variance
reduction techniques (Kohlas 1982). The simulation model
was verified and validated by means of face and statistical
validation (Chung 2003).

Table 2 Labor flexibility parameters

Factors Level

When Rule Decentralized

Where rule MaxEff rule for WLWorker

Who rule Random rule

Labor flexibility ~ 5—all workers are able to work at all five stations

100% at their main station and a decrement effi-
ciency at the remaining four stations

Labor efficiency
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3 Results corrected shop load (CSL), as in Oosterman et al. (2000)—
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To assess WLWorker+ against WLWorker, we show for  in time units the number of orders queueing in front of
both models the workload at each station—measured as  the station plus all the upstream orders that are arriving
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in that queue. On the Y-axis, CSL in time units is pre-
sented together with the number of workers at each station
(secondary Y-axis), while the X-axis shows a simulation
period of 20,000 time units, starting after the warm-up
period. Both graphs of Fig. 2 show 5 series of data, one for
each station. Figure 2a presents CSL for WLWorker, while
Fig. 2b presents CSL for WLWorker+. In both graphs, the
number of workers per station is shown by the bottom line,
which can assume the following values: 0, zero workers at
the station; 1, one worker at the station; and 2, two workers
at the station.

Graphs 2a and 2b show that CSL released is higher than
the workload norm in 2b, while it is always lower than or
equal to the workload norm in 2a. Figure 2b also shows
that when CSL is higher than the workload norm, workers
are transferred from stations where CSL is lower than the
norm to stations where CSL is higher than the norm. For
example, this situation is visible for station 1 (blue line)
at approximately 200,000 time units, station 5 at approxi-
mately 206,000, and station 3 (yellow line) at approximately
212,000. This is confirmed by the line showing the num-
ber of workers in Fig. 2b. Every time CSL is higher than
the norm at a station because additional jobs are released
from the PSP, 2 workers are working at that station. This
extra workload is released, surpassing the norm, because
WLWorker+ ensures that it is absorbed by workers whose
workload is lower than the norm.

Extraload S1 Extraload S2

FreeCapacity S1 FreeCapacity S2

150

100

50

Extraload S3

FreeCapacity S3

From the line showing number of workers on the second-
ary vertical axis of graphs 2a and 2b, we observe the number
of workers at a station throughout the simulation period.
In 2a, the number of workers at stations changes more fre-
quently, ranging from O to 1 and 2, than in 2b. This results in
a lower number of workers transfers with WLWorker+ than
with WLWorker. Moreover, the number of workers at sta-
tions with WLWorker changes without regard for CSL at the
stations, in contrast to 2b, in which workers are transferred
from stations where CSL is lower than the norm to stations
where CSL is higher than the norm.

To better explain how worker transfers are decided at the
order release with WLWorker+, Fig. 3 is presented. Extra-
Load (2) and FreeCapacity (3) are shown on the Y-axis,
while the same simulation period as in Fig. 2 is shown on
the X-axis.

FreeCapacity is presented in the upper part of the graph
with positive Y-values, while ExtralLoad is presented in the
lower part of the graph with negative Y-values. As discussed
in Sect. 3.1, ExtralLoad and FreeCapacity are computed from
the matrix of capacity adjustments. The former computes the
workload of the order under review at PSP that causes an
extra load at stations that have reached the norm, while the
latter represents the available capacity at stations that have
not reached the norm. Figure 3 shows that the X-axis mir-
rors the areas below the FreeCapacity and Extral.oad curves
or that the areas below FreeCapacity are larger than those

Extraload S4 ExtraLoad S5

FreeCapacity S4 FreeCapacity S5

0

200200 204200

-50
-100

-150

Overload and Underload in time units

-200

220200

Simulation Time in time units

Fig.3 Extraload and FreeCapacity in time units for each Station over the same simulation time used in Fig. 2. Extral.oad is represented by val-
ues whose y-values are lower than zero, while FreeCapacity is represented by values whose y-values are greater than zero
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Table 3 Experimental setting

Factors Levels
Release model WLWorker—
WLWorker+
Transfer time 10-20
Decrement efficiency « 0-50%

below Extral.oad. This is evidence of how the matrix of
capacity adjustments works and how WLWorker+ assesses
which stations could devote extra capacity and which sta-
tions could receive it. When the Extral.oad of an additional
order can be absorbed by FreeCapacity, the additional order
under evaluation is released, with a consequent increase in
CSL (as shown in Fig. 2b), and the worker at the station
that has FreeCapacity is transferred to the station that needs
ExtralLoad—as shown by the bottom line of Fig. 2b. Stations
that have Extral.oads receive an extra worker—2 workers
per station. Figure 2 shows how worker allocation is decided
considering worker availability—ExtralL.oad and FreeCapac-
ity—and that allocations are realized when needed, in con-
trast to WLWorker. In fact, allocations occur so that workers
whose workload is lower than the norm can perform the
Extral.oad released from the PSP.

It is worth noting from Fig. 3 that even if the Extral.oad
and FreeCapacity areas match, worker transfers do not occur
and CSL does not increase—no additional order is released
with WLWorker+. The reason is that worker transfer condi-
tions—idleness of workers, for example—must exist before
worker transfers can take places.

3.1 Performance analysis

In the previous section, we graphically showed how
WLWorker+ limits the number of worker transfers compared
to WLWorker, an aspect that is highly relevant in practice
since transfers negatively affect performance.

In this section, we show the impact of the two differ-
ent release models on four performance measures, con-
sidering the experimental setting presented in Table 3.

The experimental setting includes (i) two different release
methods, WLWorker and WLWorker+; (ii) worker transfer
time among stations; and (iii) a decrement of efficiency that
affects workers when they are transferred.

The following four main performance measures are used:

e Gross throughput time (GTT), the time between order
entry and completion;

e Shop-floor throughput time (SFTT), the time between
order release from the pool and completion;

e Percentage of tardy orders (%Tardy), the percentage of
orders with positive lateness (given by the completion
date minus the due date); and

e Mean tardiness (Tardiness), given by max(0;lateness).

Statistical analysis of our results was first conducted using
an analysis of variance (ANOVA) that shows that the fac-
tors in the experimental setting (Table 4) are statistically
relevant.

The results were collected over 500,000 time units fol-
lowing a warm-up period of 200,000 determined through the
Welch method, as presented in Mahajan and Ingalls (2004),
for all performance measures. To determine the number of
runs, the mean square pure error (MSPE) was implemented
for the performance measures used. The number of runs cho-
sen—100—is equal to the maximum that allows the conver-
gence of the MSPE for all performance measures.

To aid the interpretation of the results, they are presented
in the form of performance curves. The left-hand starting
point of the curves represents the lowest workload norm.
The workload norm increases from left to right in each
graph, with each data point representing one norm level.
Increasing the norm increases the level of work in process
and, as a result, lengthens the SFTT. In Fig. 4, GTT, %Tardy,
and Tardiness are shown against SFTT for WLWorker+ and
WLWorker and for different levels of transfer time and effi-
ciency decrement.

Figure 4 shows that with WLWorker delivery, related per-
formances and lead-time performances are strongly impacted
by transfer time and efficiency loss. In fact, WLWorker out-
performs WLWorker+ when the efficiency loss is 0% and the

Table 4 Anova results for SFTT

Factors DoF Adj SS Adj MS F-value P-value
Release model 1 76,487 76,487 31.48 0.000
Transfer time 2 77,084 38,542 15.86 0.000
Decrement efficiency 1 80,476 80,476 33.13 0.000
Release model X transfer time 2 59,779 29,890 12.30 0.000
Release model x decrement efficiency 1 61,783 61,783 25.43 0.000
Transfer time X decrement efficiency 2 222 111 0.05 0.955
Error 50 121,472 2429 0.06

Total 59 477,303
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Fig.4 Gross Throughput time
(GTT), Tardiness, %Tardy Jobs
are presented against Shop
Floor Throughput time (SFTT)
for WLWorker+ and WLWorker
with different transfer time
10-20 and efficiency decre-
ment 0%-50%. The WL static is
inserted as baseline scenario
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est, WLWorker is outperformed by WLWorker+ except at
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transfer time 10. This result is confirmed for all the perfor-
mance measures considered.
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With WLWorker, the results are strongly dependent on
transfer time and efficiency loss values, but this does not
hold true for WLWorker+. When efficiency loss and trans-
fer time increase, the performance of WLWorker worsens
dramatically, and it is even outperformed in the nonflex-
ible scenario that is represented by the dashed line in each
graph. This means that with WLWorker, it is preferable not
to rely on labor flexibility under certain conditions and to
keep workers static at their main task. This is not the case
for WLWorker+, which always improves performance with
respect to the nonflexible scenario, disregarding the level of
efficiency loss and transfer time.

For WLWorker+, we observe that all performance meas-
ures are quite stable when transfer time and efficiency loss
change, since all four curves of WLWorker+ remain stable
around values that are close.

This finding is explained by the highest number of trans-
fers that WLWorker determines, as shown in Fig. 2. Transfer
time and efficiency loss, when higher than zero, represent at
each transfer a temporary loss of capacity—for transfer time,
workers are not using their capacity to process an order, and
for efficiency loss, they are slower to process an order—that
negatively affects performances, increasing delivery-related
and lead-time performances. This results in a worsening of
performance that is much higher for WLWorker than for
WLWorker+.

4 Conclusions

To cope with uncertainty and variability in current markets,
PPC plays a fundamental role in ensuring the profitability of
companies. In addition to PPC, flexibility in terms of capac-
ity and volume is recognized as a fundamental strategy for
facing the aforementioned challenges. Many studies have
recently considered labor flexibility in terms of capacity,
which is currently possible since with the spread of Indus-
try 4.0 technologies, AR and HMI enable the transfer of
knowledge among workers and the allocation of shop-floor
workers to different tasks/stations.

Among PPC mechanisms, WLC is the most consolidated
in high-variety, low-volume contexts; however, labor flex-
ibility is generally overlooked. Few studies have consid-
ered labor flexibility in WLC, showing that performance is
improved when it is decided at the execution stage—shop-
floor level (Portioli-Staudacher et al. 2020). To the best of
our knowledge, research is scarce that considers and tests
labor flexibility at the higher level of control of the order
release phase of WLC through simulation. Based on this
premise, this paper aimed to present a WLC that integrates
labor flexibility at the ORR phase of WLC (i) and to assess,
through simulation, its impact on performance (ii).

@ Springer

Extending the most investigated ORR limiting
approach, the authors presented a mathematical model
called WLWorker+ that integrates labor flexibility deci-
sions into the ORR phase. It considers, in a second ORR
phase, the workload at each station, deciding to release
additional orders if their workload contribution to stations
that have reached the workload norm can be absorbed by
stations where the workload is lower than the norm. From
the evaluation of the workload contribution of the addi-
tional order, together with the workload at each station,
WLWorker+ decides whether to release the additional
order and at the same time determines the allocation of
workers—which workers are transferred to perform an
extra load at which stations (Who and Where rules). We
showed how to consider worker availability information
during the ORR phase—through the matrix of capac-
ity adjustments—and how to exploit this information to
release additional orders.

Then, through simulation, we assessed the perfor-
mance of WLWorker+, showing that it optimizes worker
transfers since it transfers workers when required most:
extra capacity is provided by a worker who has a work-
load below the workload norm to stations where the
workload surpasses the workload norm. In this way,
WLWorker+ minimizes the number of transfers compared
to WLWorker, which does not consider labor flexibility at
the ORR phase and disregards the overall workload at sta-
tions in deciding worker transfers. Moreover, we showed
that WLWorker does not consider the overall workload
at stations when deciding worker transfers but greedily
moves workers if they are idle at that moment. To show
how the lower number of transfers with WLWorker+ rep-
resents an advantage for performance, we showed how
delivery-related performance and lead time are impacted
by the introduction of transfer time between stations and
efficiency loss of workers when they are transferred.
The results revealed that performance is worsened by
efficiency losses and transfer times when adopting
WLWorker, which was outperformed even in the nonflex-
ible scenario. The results also show that this does not hap-
pen with WLWorker+, where performances remain quite
stable independent of transfer time and efficiency loss
and are always improved with respect to the nonflexible
scenario. This is explained by the low number of trans-
fers, which is extremely relevant for practitioners that,
with the advent of AR and HMI technologies, are increas-
ingly benefiting from labor flexibility adoption. Consid-
ering labor flexibility at the order release rather than at
the shop-floor level also has the advantage of reducing
the complexity of managing worker transfers since who is
going to move and where is known in advance before the
release of orders. This is relevant for practice.
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5 Limitations and future research

A first important limitation of our study is our focus on a
pure flow shop. While this is justified by the practical rel-
evance of this shop type in the context of multiple manned
work stations, future research is needed to extend our find-
ings to more complex shops. Moreover, we limited the
experimental setting to transfer time and efficiency loss to
keep the focus of the study on the presentation of the new
WLC model that integrates labor flexibility into the order
release phase and on a simple comparison between labor
flexibility decisions at order release and at the shop-floor
level. Future studies will focus on expanding the experi-
mental setting, for example, with learning and forgetting
factors, heterogeneous efficiency and flexibility among
workers, and different When/Where/Who rules. Then, we
decided to first present the integration of labor flexibility
in the most consolidated limiting ORR; however, future
research could consider other ORRs in the literature, for
example, the balancing approach (Portioli-Staudacher and
Tantardini 2012) or the latest advancements in continuous
order releases.
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