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Abstract—In manufacturing plants, part of assembly is often
performed by human workers and therefore its performance
largely depends on humans (or human performances) rather
than machines. However, most studies on human centred
assembly systems using the modelling simulation methods do
not consider or incorporate the effects of human performance
that may also impact the overall system performance of such as
an assembly line. The prediction of human performance or
behaviour in a manufacturing system evaluation is often
overlooked by researchers or system designers partially due to
a lack of proper versions of existing simulation tools that can
incorporate human attributes into an established simulation
model. This paper presents a study by incorporating human
attributes of learning and ageing into a discrete event
simulation (DES) model based on a human centred assembly
system. The effects of worker performance due to aging and
learning were investigated and identified through a literature
review [1]. The simulation result demonstrates that the worker
performance may approach his/her full capacity at the age of
38 years old and this may decrease by an average of 1% from
38 to 40 years old, and 6% at the age of 45 years old. After the
age of 45 years old, the decline rate of worker performance
may slow down as it can be offset by accumulating worker
experience through learning.
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l. INTRODUCTION

Most products virtually require assembly, which is often
performed by human workers. Despite the benefits of
automation implemented in manufacturing sectors, manual
assembly methods still have some advantages; one of which
is that human workers interact easily and respond rapidly to
the unpredictable circumstances [2]. For human centred
manufacturing systems, a study shows that assembly
operations account for more than 53% of production time or
20% of unit cost of manufactured products [3]. Nevertheless,
human performance is often inadequately addressed,
overestimated or simply ignored in terms of manufacturing
systems design and evaluation [4].

For instance, a walking worker assembly line is
considered as a lean manufacturing system where each
worker performs and completes assembly tasks of a product
by travelling down the line. Such a system performance
largely relies on the performance of individual workers. The
main concern of the walking worker line is that the working
speed of each worker, who walks and stops at each station to
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assemble a product, can vary significantly along the line [5].
The individual performance may be affected by human
factors including cognitive elements (such as experience)
and physical elements (such as age).

There are some studies in a view of socio-technical or
psychological sciences to evaluate the effect of human
performance relating to the design of manufacturing systems.
Nevertheless, these studies are basically described in a form
of language that manufacturing engineers often find difficult
to understand. In other aspect, most modelling simulation
methods in the production research literature are focused on
conventional systems in which operators are tied to specific
tasks or stations. Moreover, current modelling simulation
tools in the market for manufacturing systems evaluation do
not provide facilities that allow system designers to combine
human attributes (or human performance) into an
investigation of the overall system performance. This is
because, for example, in a discrete event simulation (DES)
model, the workers are defined and treated as a simple
resource the same as parts, machines, conveyors and so on
[6]. The application of DES simulation models is therefore
restricted to predicting such variables as the required number
of workers, their shift patterns and routes.

The paper describes a method that was used to evaluate
the performance of individual workers by incorporating
parameters of varying age and experience (through a learning
process) into an integrated DES model. With this approach,
the effects of human performance due to aging and
experience can be quantified.

Il.  EXPERIENCE

Experience can be defined as the knowledge or a skill to
be gained through involvement of a specific task, event or
subject. In a process of human centred assembly, individual
human performance can be improved by working experience
through learning after repeatedly performing an assigned
task until the time spent on completion of this task is
stabilised. Most of the learning theory developed for
manufacturing analysis is based on the mechanisms of skill
acquisition and the law of practice [4]. Performance
improvement is often measured in terms of a reduction of job
cycle time, where the reduction in cycle time is the result of
the learning process. Thus, the learning curve theory can be
used to measure the job experience of a worker with the
parameter V (0 <V < 1), where if V = 0 it indicates a task
that is manually performed and V = 1 it indicates a task that
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is predominantly executed by machines [7]. Hence, time to
produce n" unit is given by:

T, =Dx[V x(1-V)n‘] )

The standard time to complete a task regardless of the
cumulative number of units produced is expressed as
follows:

w=DxV 2

where:
T, : Time to produce n" unit

w : Standard time

D: Time to produce the first unit

V: Incompressibility factor

n: n™ unit

C: Learning index which determines the speed of
learning occurring each time as the cumulative output
increases, it is computed as log(R)/log(2) where learning
rate R is measured in percentage (0 < R < 1), e.g., 80% of
learning rate R implies a reduction of 20% in cost of direct
man labour hour needed to complete a subsequent unit.

Figure 1 shows a linear correlation in variation of
assembly time against the increase of worker ages, the result
was calculated with the correlation coefficient R=0.99 in this
case.
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Figure 1. Assembly time of workers under different ages.

I1l.  AGEING

As one of human factors, ageing can cause the persistent
decline in biological components due to the internal
physiological deterioration [8]. This leads to the decline of
such as visual ability, musculoskeletal force, flexibility,
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motion  capability, memory or concentration and
thermoregulation [9, 10, 11]. In this current study, it was
assumed that the natural decline of physical, physiological
and cognitive systems over the increase of age |is
unavoidable. Nevertheless, as worker’s age increases, it is
expected that the accumulation of his/her experience through
learning also increase and this may offset the decline of the
human abilities [11, 12, 13].

Figure 2 shows the trend in the decline of human
functional capacity over the increase of age after 38 years old
at which the human functional capacity reaches the
maximum rate. After this age, the loss rate in percentage can
be expressed below [1]:

L, = 057 +0.012k ©)

where

L, = Loss rate in percentage

k = Age in years

Thus the remaining capacity in percentage after 38 years
old can be given by:

I:rm = I(2 - Lr(kl _38) (4)
where:
F.. : Remaining capacity in percentage after 38 years old

k, : Full capacity (100%) at 38 years old
L, : Loss rate in percentage
k, : Existing age in years

100 e 9790

90

2
E
2 g0
v
s
=
S
g 70
f=
2
60
50
38 40 45 50 55 60 65 70
Age (Years)
Figure 2. Decline of human functional capacity over the increase of
ages of workers.
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Figure 3 A linear assembly line model operated by workers under different ages.



IV. SIMULATION RESULTS AND ANALYSIS

In this case study, a DES model was established using a
DES tool called Enterprise Dynamics, which interacts with
an external MS Excel worksheet that defines variables of
worker age and experience (as described in Section 2 and 3)
in order to generate the variation of human performance by
individual worker at the different age. Figure 3 shows a
human centred assembly line model using the DES tool; the
line consists of eight stations manned by eight workers under
different ages; 240 units of products were assembled on the
line and the average assembly time for each individual
worker was examined based on the simulation result.

Figure 4 shows the trend of the average assembly time
over the increasing number of assembled units of each
worker under different ages. This is also known as
experience curve or learning curve, which represents the
improved efficiency or performance through learning or
practices by repeating operations of a specific task a worker
performs. The results were obtained by initially setting a
maximum assembly time a worker at 70 years old possibly
needs at the beginning of assembling a new product. The
average assembly time then declines during a learning
process for each worker at the different ages by repetitively
performing the same amount of assembly tasks making a unit
of the same product. The assembly time finally approaches a
steady state after producing 240 units for all workers under
the different ages.
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Figure 4. Assembly time vs output in a learning process of workers
under different ages.

It can also be seen from Figure 5 that the average
assembly time of each worker to produce 240 units increases
by 1.38% at the age from 39 to 40 years old. At the age of 45
years old it rises to 6.44%. After this age, it drops gradually
to 4.8% at the age of 70 years old. This result indicates that
the increase of assembly time due to the increase of age of
the worker after 45 years old starts to decline as it is offset
by the increase of accumulative experience of the worker
over the increase of age.
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Figure 5. Trend in increase of percentage of assembly time for workers under different ages.

V. CONCLUSIONS AND DISCUSSIONS

This paper presents an investigation based on findings of
a literature study, which shows that individual performance
of human workers usually approaches their full capacity at
the age of 38 years old. After this age, it may start to decline
over the increase of ages of workers. By contrast, the
literature study also indicates the increase of experience over
the increase of age of workers can also improve the
individual performance that may also compensate the loss of
assembly time due to the increase of ages of workers [1].
Furthermore, the effects of experience and ageing on worker
performance were examined by incorporating their

parameters into a DES tool, which was used for modelling a
linear human centred assembly line operated by workers at
under varying ages as specified in this case. With this
method, the difference of performance of each worker at the
different ages can be quantified. The study concluded that
the worker performance may reach its full capacity at the age
of 38 years old and it decreases by an average of 1% from 38
to 40 years old, and 6% at the age of 45 years old. After this
age, the decline rate of performance may slow down as it can
be compensated by the increase of experience of workers.

On the other hand, existing commercial simulation
packages offer only dedicated application object libraries for
developing fast and efficient models of common scenarios



and these tools can be characterised as limited functionalities
in the field of manufacturing. The future challenges and
trends of simulation tools are to introduce cloud-based
technologies in order to facilitate the mobility of the
applications and the interoperability between different
partners. Currently, only few commercial tools have
integrated this function. In addition, efforts are being made
towards the creation of application that run in multiple and
mobile devices. The extended use of open and cloud-based
tools can address these problems and result in high
performance computing at a minimum cost.

Another issue is that there is also a lack of proper data
exchange among different domains and few or no common
standards or integrated frameworks, which cause difficulties
in the interoperability and collaboration between systems and
partners. Application of building incremental models allows
in-process debugging but often this does not work properly
and this also increases the complexity of finding out the
problems of the developed models. All these issues can be
addressed with the development and utilisation of multi-
disciplinary and multi-domain integrated simulation tools.
As far as the lifecycle simulation is concerned, the poverty of
adequate modelling tools ought to be noted. Only few
applications take into serious considerations of product life-
cycle costs and environmental issues. In addition, some
modelling tools are usually aimed at the re-manufacturing of
specific product types and these tools are still insufficient for
de-manufacturing of products. Hence, researchers should
focus on the development of tools for the field of lifecycle
management. Currently, object-oriented, hierarchical models
of plants encompassing business, logistic and production
processes exist but the direct integration of modelling tools
with CAD, DBMS (ORACLE, SQL Server, Access, etc.)
and direct spreadsheet link infout, XML, HTML reports are
still limited. As a result, simulation tools that will assure the
multi-level integration among them should be developed as
priority. Gradually, enterprises are starting to adopt the
concepts and the models of the virtual factory. But, the
technologies related to virtual factory especially with data
acquisition, control and monitoring are still expensive,
complicated and hard to apply. Thus, the research should
move towards the direction of real-time factory applicable
and affordable tools to be developed. Efforts may also be
made to create smart, intelligent and self-learning tools
incorporating integrated neural networks and inbuilt
algorithms for automated optimisation of system parameters.
Moreover, there are applications that base on empirical or
past data and some knowledge-based advisory systems.

Although satisfactory and analytical simulation capabilities
in continuous processing units can be noticed, research is
required in order to develop more intelligent tools that will
lead to autonomous and-self adapting systems [6].
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