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Abstract: The problem of production flow and evaluation of productivity in the manufacturing line
is analysed. Machines can be operated by humans or by robots. Since breakdowns and human
factors affect the destabilization of the production processes, robots are preferred. The main problem
is a proper methodology—how can we determine the real difference in work efficiency between
human and robot at the design stage? Therefore, an analysis of the productivity and reliability of the
machining line operated by human operators or industrial robots is presented. Some design variants
and simulation models in FlexSim have been developed, taking into consideration the availability
and reliability of the machines, operators and robots. Traditional productivity metrics, such as the
throughput and utilization rate, are not very helpful for identifying the underlying problems and
opportunities for productivity improvement in a manufacturing system, therefore we apply the OEE
(overall equipment effectiveness) metric to present how the availability and reliability parameters
influence the performance of the workstation, in the short and long terms. The implementation
results of a real robotic line from industry are presented with the use of the overall factory efficiency
(OFE) metric. The analysis may help factories achieve the level of world class manufacturing.

Keywords: industrial robots; human factors; manufacturing line; labour productivity; DES, discrete
event simulation; OEE, overall equipment efficiency; OFE, overall factory efficiency; WCM, world
class manufacturing

1. Introduction

Nowadays one can observe an increasing use of automation and robotization, which replaces
human labour. New applications of industrial robots are used especially for repetitive and high-precision
jobs or monotonous tasks requiring physical effort. Modern industrial robots have human-like mobility
and can perform various complex activities just like humans. The main advantage of the robot is that it
does not get tired like a human.

Some researches show [1] that thanks to robotization, many companies obtained an increase of
productivity by 30%, a reduction of the production cost by 50%, and an increase of utilization by more
than 85%. However, the implementation of robotization requires high costs, therefore robotization
will be profitable only in certain circumstances, including, a high production volume, repetitive and
precision tasks with harmful working conditions for people. Such conditions occur, for example, in the
automotive industry, where most robots are used [2].

At the early design stage of the manufacturing system, there is a problem of how to determine
the real difference in work efficiency between a human and a robot. The aim of the study, which is a

Appl. Sci. 2020, 10, 2862; doi:10.3390/app10082862 www.mdpi.com/journal/applsci

http://www.mdpi.com/journal/applsci
http://www.mdpi.com
https://orcid.org/0000-0002-7442-4485
http://www.mdpi.com/2076-3417/10/8/2862?type=check_update&version=1
http://dx.doi.org/10.3390/app10082862
http://www.mdpi.com/journal/applsci


Appl. Sci. 2020, 10, 2862 2 of 15

continuation of our previous works [3–5] is to develop a methodology, which allows to clearly define
the productivity growth associated with the replacement of human labour by industrial robots.

Modern manufacturing systems are very complex and difficult to analyse, therefore many methods
are used (including mathematical modelling, combinatorial optimization, Petri nets, and scenario
analysis) for solving the above mentioned problem [6].

Computer simulation methods, especially discrete event simulation (DES), are the most universal
and are widely used [7–20].

There are many DES software tools dedicated to production process simulations, for example
ARENA, Enterprise Dynamics, FlexSim, Plant Simulation, SIMIO, Witness and others [21,22]. The main
DES advantage is the ability to conduct many simulation experiments in a short time. Some experiments
cannot be performed on real manufacturing systems because of existing production processes and the
high cost of industrial machinery. The building of a simulation model helps in gaining knowledge that
could lead to improvement of the real system [23]. The disadvantage of DES is connected with the
randomness of some simulation parameters and, therefore, sometimes it can be hard to distinguish
whether an observation is a result of system interrelationships or randomness [23].

The design of complex manufacturing systems requires the integration of various aspects,
including manufacturing strategies, system architecture, capacity planning, management techniques,
performance evaluation, scenario analysis and risk appraisal [24]. The beginning of the design process
of a manufacturing system is conceptual modelling, which involves a problem definition and system
limitations. It requires a description of a system representation, i.e., what is going to be modelled
and how [12]. During this step, the use of graphical diagrams methods [25], e.g., object flow diagram
(OFD) [26], is recommended.

The typical automatic manufacturing systems are suitable mainly for mass production.
Therefore, the uncertainty of system components can play an important role, but during the early
stages of conceptual design, the ability to predict reliability is very limited [27,28].

The transformation to a flexible and smart robotic system is considered as the next generation of
manufacturing development in Industry 4.0 [29]. In some cases, the collaboration of human operators
and robots can be possible [30–32]. Such a situation requires a very high safety level, but these cobot
systems only comply with safety standards if they operate at a reduced speed [33]. Therefore, generally
robots are closed in cages in order to ensure separation from humans and enable very high performance.

The main phases of the proposed methodology are presented in Figure 1. It includes: an analysis
of the real problem, conceptual design and synthesis of a simulation model, simulation experiments to
obtain a solution and implementation of the solution to solve the real problem.
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Figure 1. The main phases of proposed methodology [5].

In order to assess the effectiveness of the robot application, we compare production uptime of
humans and robots and calculate work efficiency with the use of selected metrics (OEE—overall
equipment effectiveness, OFE—overall factory efficiency), which show how well a manufacturing
operation is utilized. Next, we use computer simulation in FlexSim for verification of these two models.
Finally, the robotic line is implemented, and the comparison of obtained results is presented in the
Section 7.
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2. Problem Definition—Manufacturing Process of Engine Heads

We take into consideration an example from the automotive industry. The company will build a
new manufacturing line for the production of engine heads for motor cars. These parts are made from
castings made of aluminium alloy. The manufacturing process of these parts requires many machining
operations including precise milling, drilling and deburring. Very high quality is required in order to
meet the requirements of the recipient.

The simplified schema of the engine head manufacturing process from the automotive industry is
presented in Figure 2.
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Figure 2. Engine head production process.

Production systems can consist of a different number of specialized machines and human operators
or robots needed for materials handling.

The schema of the main machining cell is presented in Figure 3. The cell consists of four
semi-automatic CNC (Computer Numerical Control) milling machines and needs human operators or
robots for material handling. The Air Blow Station is used to remove chips from the part. The operators
are also required for product testing and final inspection.

Appl. Sci. 2019, 9, x FOR PEER REVIEW 3 of 14 

2. Problem Definition—Manufacturing Process of Engine Heads 

We take into consideration an example from the automotive industry. The company will build 
a new manufacturing line for the production of engine heads for motor cars. These parts are made 
from castings made of aluminium alloy. The manufacturing process of these parts requires many 
machining operations including precise milling, drilling and deburring. Very high quality is required 
in order to meet the requirements of the recipient.  

The simplified schema of the engine head manufacturing process from the automotive industry 
is presented in Figure 2. 

 
Figure 2. Engine head production process. 

Production systems can consist of a different number of specialized machines and human 
operators or robots needed for materials handling.  

The schema of the main machining cell is presented in Figure 3. The cell consists of four semi-
automatic CNC (Computer Numerical Control) milling machines and needs human operators or 
robots for material handling. The Air Blow Station is used to remove chips from the part. The 
operators are also required for product testing and final inspection. 

 
Figure 3. The schema of the main machining cell. 

One operator is required for tending four semi-automatic milling machines that are working in 
parallel in order to obtain greater production volume. Parts from a part family (engine heads) are 
large and heavy and, therefore, the usage of robots is preferred.  

In the stage of conceptual design, some variants of the manufacturing line were taken into 
consideration, including the manual operation of machines or the robotic operating system. What 
happens when we replace human operators with industrial robots? What productivity growth is 
possible to achieve? These questions require consideration of many human and robot factors. 

3. Human and Robot Factors Influencing the Production Process 

There are many human performance models [34] used for a prediction of human behaviour in a 
different task, domain, or system. In industrial practice, the human factors are often neglected. For 
example, in computer software used for production processes simulation the human factor is not 
sufficiently modelled. Simple mechanistic models of human resources are used, and people are 

Figure 3. The schema of the main machining cell.

One operator is required for tending four semi-automatic milling machines that are working in
parallel in order to obtain greater production volume. Parts from a part family (engine heads) are large
and heavy and, therefore, the usage of robots is preferred.

In the stage of conceptual design, some variants of the manufacturing line were taken
into consideration, including the manual operation of machines or the robotic operating system.
What happens when we replace human operators with industrial robots? What productivity growth is
possible to achieve? These questions require consideration of many human and robot factors.

3. Human and Robot Factors Influencing the Production Process

There are many human performance models [34] used for a prediction of human behaviour in
a different task, domain, or system. In industrial practice, the human factors are often neglected.
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For example, in computer software used for production processes simulation the human factor is
not sufficiently modelled. Simple mechanistic models of human resources are used, and people are
treated as quasi-technical elements of the production system. They should operate in the same way as
a machine, but in practice, the human behaviour is unpredictable because of personal individuality
and human errors. This can help to explain why simulation models do not correspond with the
reality as it would be expected [35]. Therefore, other methods for human and robot modelling
are under development including the discrete event simulation (DES) method [36], Petri nets [37],
multi-flexible-links modelling [38] or artificial intelligence [34]. The variability of human operators can
be modelled by varying the operation times (e.g., as the simulation time increases, these increase).

Robots can make work faster and more regular than human operators, but how fast a robot can
work is related to the type of task. In some cases, human workers are very fast because of innate
manual skills. On the other hand, the robot must be told exactly what to do.

There are several methods for planning robot movement, described in [39,40]. These methods are
based on the well-known MTM (method time measurement) or on the traditional time study concept [41]
and can be used for comparing the relative abilities of robots and humans. Dedicated computer
software for robot movement planning can be used (ABB Robot Studio, FANUC Roboguide, KUKA
SimPro, and others) as well as advanced software for human ergonomic modelling (Human Jack
Simulator). The outcome of each technique is a set of time values that can be used to compare human
and robot productivity [36].

An employee can work 8 h per day with a break for rest. On the other hand, robots can theoretically
work 24 h per day without any breaks, but human supervision of the production process is required.
Also, precise planning and scheduling of the robot work are necessary for better performance [18].
From time to time, applying changes of tools and reprogramming also require participation of
an operator. Moreover, a robot requires periodic maintenance service and inspection before each
automatic run.

Automated and robotized production lines usually work very well, but sometimes problems with
failures can occur. A failure of any elements of the manufacturing line can cause some production
disturbances or a production stoppage of the whole factory. Therefore, the reliability of the components
plays a key role for the productivity and utilization of the manufacturing system [42]. In some cases,
a fallible operator can be replaced, but a fallible robot requires repair.

The first type of robots (Unimate), has failure-free uptime equal to MTBF (mean time between
failures) = 500 h [40]. The work [43] shows the results of a study on reliability of the next generation of
robots in the industrial environment. The reliability of the first robot generation is represented by a
typical bathtub curve with high infant mortality rate. The next generation of robots was characterized
by exponential distribution with MTBF of about 8000 h. Nowadays, robot manufacturers declare an
average of MTBF = 50,000 ÷ 60,000 h or 20 ÷ 100 million cycles of work [2]. However, robot equipment
is often custom made and may, therefore, be more unreliable than the robot itself.

Some conclusions from a survey about industrial robots conducted in Canada are as follows [44]:

• Over 50% of companies keep records of the robot reliability and safety data;
• In robotic systems, major sources of failure are software failure, human error and circuit board

troubles from the users’ point of view;
• The most common range of the experienced MTBF is 500–1000 h;
• Most of the companies need about 1–8 h for the repair of their robots.

Based on the literature analysis [30–44], the main human and robot factors influencing the
production process that should be taken into account are presented in Table 1.
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Table 1. Human and robot factors in the production process.

Human Factor Robot Factor

Work parameters Unstable, slow work, fatigue Stable, fast work

Adaptation for new task Fast adaptation Slow programming

Flexibility, working area Large flexibility, large operating range Lower flexibility, limited range

Errors and failures High human errors rate Low failures rate

Replacement and repair Can be replaced Require repairing

Labour cost High Low

Investment cost for human/robot workstation Low High

In reference [1], the approximate efficiency of robotic application versus manual application was
compared. The efficiency of manual machine tending was about 40%–60% and, for robotic machine,
tending was about 90% (without set-up). However, detailed values are dependent on the characteristics
of the real workstation.

The most decisive factor for industry is the economic cost of production. Implementations of
robotic workstations require very high investment cost. It can bring greater work efficiency and savings
in labour costs, especially if one robot can replace several human workers.

4. Work Efficiency and Productivity Evaluation

There are some key performance indicators that can be used to evaluate the efficiency of production
systems [45,46]:

• Production throughput;
• Manufacturing lead-time (MLT);
• Work in progress (WIP);
• Queue length;
• Mean tardiness and the rate of tardy parts (relative to the number of parts produced on-time);
• Quality of the products;
• Utilization of equipment, which can be described with different metrics including:

# OEE—overall equipment effectiveness;
# OFE—overall factory effectiveness.

In order to compare the manufacturing systems before and after robotization, we take the OEE
factors into consideration. The OEE metric depends on three factors: availability, performance and
quality [45,47].

OEE = (Availability)x(Performance)x(Quality) (1)

Availability is the ratio of the real time spent on the realization of a task (without failure time) to
the scheduled time. Availability is reduced by disruptions at work and machine failures.

Availability =
available work time− f ailure time

scheduled time
(2)

Performance can be described as the ratio of the time to complete a task under ideal conditions
compared to the realization in real conditions or the ratio of the products obtained in reality, to the
number of products it is possible to obtain under ideal conditions. Performance is often reduced (loss
of working speed) by the occurrence of any disturbances, e.g., inter-operational breaks have a great
impact on materials flow [48].

Per f ormance =
ideal cycle time
real cycle time

=
real number o f products
ideal number o f products

(3)
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Quality can be expressed by the ratio of the number of the good quality products and the total
number of products (including products with insufficient quality).

Quality =
number o f good quality products

total number o f products
(4)

The obtained number of good quality products is a random variable, which can be described by a
normal distribution with standard deviation. Quality levels are determined by ranges of the standard
deviation as in the Six Sigma method. The quality level of manual production is typically lower than
in automated production systems. The quality level can change, depending on the different shifts of
manual labour (e.g., different employee qualifications, worst quality in the night shift).

Availability and Failures

The concept of machine availability is related to planned uptime and unplanned events e.g.,
the random machine failures. Any unplanned event can make the machine unavailable and cause a
decrease in work efficiency.

The reliability of objects such as machines or robots is defined as the probability that they will
work correctly for a given time under defined working conditions. In practice, for description of
reliability, in most cases the parameter MTTF (mean time to failure) is used, which is the expected
value of the exponentially distributed random variable with the failure rate λ [49].

MTTF =

∫
∞

0
t f (t)dt =

∫
∞

0
t λ e−λx dx =

1
λ

(5)

In In the case of repairable objects, the parameters MTBF (mean time between failures), and the
MTTR (mean time to repair) can be used.

MTBF = MTTF + MTTR (6)

Because machinery failures may cause severe disturbances in production processes, the availability
of means of production plays an important role. The inherent availability can be calculated with
Formula (7).

Availability =
MTBF

MTBF + MTTR
(7)

In an industrial environment, machine failures are mostly random and difficult to predict; therefore,
we have used a computer simulation for further research. The computer simulation of production
processes is used very often, but the computer models are somewhat simplified and focus only on
certain aspects. Therefore, we prefer to build more sophisticated models that include the OEE factors
and human and robot parameters.

The literature review [46] indicates that OEE metrics is lacking in complex manufacturing systems
on the factory level. In order to address this gap, an OFE metric can be used. It can measure factory-level
performance and can also be used for performing factory-level diagnostics such as bottleneck detection
and identifying hidden capacity Any factory layout can be modelled using a combination of the
predefined subsystems (serial, parallel), which allow determination of the OFE.

Note that the OEE equation can be further simplified as [46]:

OEE =
Actual throughput (units) f rom equipment in total time

Theoretical throughput (units) f rom equipment in total time
(8)

By extending this definition to the factory level, we have OFE [41]:

OFE =
Actual throughput (units) f rom f actory in total time

Theoretical throughput (units) f rom f actory in total time
(9)
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The OFE is a generalization of OEE for a multi-machine system and it is limited by the throughput
of the bottleneck.

5. Example—Simulation Models

In order to analyse the presented problem, we have used the FlexSim software, which allows
computer-modelling and simulation of discrete production processes with the use of human re-sources
as well as robots.

In the stage of conceptual design of the manufacturing system, some scenarios were considered,
and computer models of lines operated by human operators or robots have been developed
(Supplementary Materials), taking into account the planned breaks at work, failure rates, handling and
quality parameters.

In the first stage a simplified reference model, that only included machinery workstations (with
necessary connections, input and output elements) was created (Figure 4). It represented the production
flow in ideal conditions. To achieve greater production volume, two machining cells with a total of
8 milling machines were introduced.
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6. Simulation Experiments

In order to test the productivity and stability of the models of the manufacturing line, some
simulation experiments were performed. The simulation scenario includes work in three shifts per
day, 48 weeks per year (5760 h). Because of the change of production plans of some parts from the
parts family and tools wear, a complete changeover of machine equipment is required once a week.
Therefore, the simulation scenario includes one whole shift for machine changeover and preparing
the line for production for 5 working days (simulation of 120 h with 8 h warm-up). After 5 days of
work, the line is completely stopped for a weekend and in the next week a new warmup is required.
Available work time is reduced by cleaning and calibration of the machines (15 min per shift) and a
rest pause for the operators (15 min per shift) and is equal to 465 min per shift for the robotic line,
and 450 min for the human-operated line.

The results from the first part of the experiments are presented in the Table 2.
The value of the production limit (PL) describes the production volume that can be obtained

in a given time under ideal conditions. The average production Pavg is the production of good
quality products obtained from simulation experiments. Since the model was built based on the
OEE components and contains parameters of availability, performance and quality, then according to
Equation (9), the production value from the simulation can be directly used to calculate the OFE metric.
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OFE =
Average production

Production limit
(10)

Table 2. Results of simulation experiments—average production value Pavg for 20 simulation runs
with a confidence level at 90% (8-hour warm-up per week).

Simulation
Time [h]

Prod.
Limit PL

[Pcs.]

Human Operated Line Robotic Line

Average
Production
Pavg [Pcs.]

Std.
dev. OFE

Average
Production
Pavg [Pcs.]

Std.
dev. OFE

24 1536 664.6 8.4 0.432682 867.1 1.05 0.56451

48 3072 1656.2 10.1 0.539128 2165.1 1.29 0.70478

120 7680 4624.1 14.9 0.602096 6062.7 2.23 0.78941

480 30,720 18,517 18.3 0.602767 24,243 3.7 0.78916

2880 184,320 110,739 89.0 0.600798 145,437 6.8 0.78904

5760 368,640 222,146 115 0.60261 290,856 21.2 0.78899

Reliability and failures can have a significant effect on the productivity, therefore the second
part of the simulation experiment was performed with the reliability of human operators and robots
included. Reliability of machines was not considered because it will be the same in both examples.
Assuming human unreliability on the basis of HEART (human error assessment and reduction
technique) for “routine and highly practiced rapid tasks involving a relatively low level of skill”,
the nominal value of a human error equals 0.01 [50]. Therefore, the human error rate in this case can be
described by parameters: MTBFh = 8 h and MTTRh = 5 min. Robot reliability was assumed based
on data from industry survey [4] including MTBFr = 1000 h and MTBFr = 8 h. It was assumed that
sick and absent operators can be replaced, but fallible robots require repairing. The results from the
second part of experiments are presented in Table 3. The scenario parameters include: 8 hours warmup
per week, human MTBFh = 8 h and MTTRh = 5 min, robot MTBFr = 1000 h and MTTRr = 8 h, (with
exponential distribution).

Table 3. Results of simulation experiments with human and robot failures—average production value
Pavg for 20 simulation runs with a confidence level at 90%.

Simulation
Time [h]

Production
Limit PL
[Pcs.]

Human Operated Line Robotic Line

Average
Production
Pavg [Pcs.]

Std.
dev. OFE

Average
Production
Pavg [Pcs.]

Std.
dev. OFE

24 1536 660.3 4.9 0.429883 855 34 0.556641

48 3072 1647.8 10.4 0.536393 2145 56 0.698242

120 7680 4605.3 14.6 0.599648 5974 211 0.777865

480 30,720 18,453 36 0.600684 24,045 311 0.782715

2880 184,320 110,537 84 0.599702 144,116 748 0.781879

5760 368,640 221,156 134 0.599924 287,852 1001 0.780849

Results obtained show a much greater production value for the robotic line (about 30% more)
compared to the human operated line. The summarized effect of failures is very small but significant.
The comparison of the results is presented in Table 4. There is an average difference ∆avg of about 0.2%
for human operators (∆OFEh with only short time failures) and about 0.8% for robots (∆OFEr with
long time failures).
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Table 4. The comparison of difference ∆ between OFE for different scenarios.

Simulation 24 48 120 480 2880 5760 ∆avg

∆OFEh 0.002799 0.002735 0.002448 0.002083 0.001096 0.002686 0.002308
∆OFEr 0.007869 0.006538 0.011545 0.006445 0.007161 0.008141 0.00795

Compared to the model of the manually operated line, the model of robotic line with failures
shows some differences in the recurrence of replications (box and whisker plot Figure 7).
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7. Industrial Implementation of Robotic Line—Case Study

The results of simulation experiments were taken into account during an economic analysis of the
designed manufacturing line (unfortunately economic data are unavailable) and helped when taking a
decision to build the robotic line.

• Industrial implementation of robotic line had required the following steps:
• Detailed design of manufacturing line and required equipment;
• Purchase of machines and robots;
• Installation of machines and robots;
• Personnel training;
• Machine and robot programming and testing;
• Material delivery and product distribution contracting.

About 2 years after taking the decision, the real robotic line was implemented in Poland and
started a production. The manufacturing line with 3 ABB robots for product handling is presented in
Figure 8. There are also two human operators for final product inspection and one duty operator for
monitoring of the production process.
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The manufacturing line is now working very well, but there were some technical and organizational
problems including:

• Material delivery delays;
• Equipment failures (mainly milling machines, the drilling machine and washing station);
• Power supply disturbances;
• Lower working speed;
• Insufficient quality.

The three industrial robots from ABB are working very well by now, without failures. There were
only small problems with robot grippers at the beginning of the production process.

The results obtained show some differences between OFE components in the model and in the
real line, that are presented in the Table 5. The currently planned OFE factors contain some changes in
the production process, including robot programs, time of loading and unloading the milling machines.
In reality, OFE factors obtained are fluctuating due to random failures and disturbances and were
lower than planned.

Table 5. OFE components comparison—model assumption and real robotic line.

Model–Robotic Line
(without Failures)

Real Line
(Planned–without Failures)

Real Line
(12 Months Average–with Failures)

Availability 0.9042 0.9042 0.8824

Performance 0.8739 0.8856 0.8856

Quality 0.9990 0.9990 0.9962

OFE 0.7894 0.8000 0.7785

The main reasons for OFE fluctuation were some technical problems in the first months and the
delay of delivery from supplier (Foundry) in the eighth and eleventh months and also the low quality
of some casting series. Failures of machines take lower effect, because the main milling machines are
working in parallel and in typical cases of failure, only one machine is stopped, and the other machines
can work further.

The monthly results from the year 2018 are presented in the Table 6.
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Table 6. Planned and practical OFE values of robotic line (I-XII 2018).

2018 I II III IV V VI

Planned OFE 80% 80% 80% 80% 80% 80%

Obtained OFE 77.30% 81.70% 77.30% 82.72% 78.82% 80.00%

2018 VII VIII IX X XI XII Avg.

Planned OFE 80% 80% 80% 80% 80% 80% 80%

Obtained OFE 76.05% 73.29% 78.00% 77.01% 75.68% 76.35% 77.85%

It turned out that the most critical machine is the washing station, because it can block the whole
manufacturing line with a bottleneck effect. The quality varies over time and the insufficient quality
products were in the range of 0.17 ÷ 0.59% (average = 0.38%). The average yearly quality index is equal
to 0.9962, which is very near to the planned value. The production quality has the highest priority and
is continuously improved, therefore every products are being tested.

The results obtained are worse than planned but still, there are some places for further improvement
of availability and performance in order to achieve WCM (world class manufacturing) productivity.
Availability depends on planned and unplanned breaks at work and delivery delays. Performance score
depends on robot speed and machine tending time compared to process cycle time. Quality depends
on stability of the manufacturing process parameters.

Industrial practice shows that improvement of manufacturing systems with the use of industrial
robots is difficult because of some technical problems that may occur, (mainly including robot equipment
like grippers) but the results of replacement of human operators with industrial robots can bring great
production growth.

In the further research the problems of human–robot collaboration and smart robotics in the
context of Industry 4.0 will be taken into account.

8. Conclusions

As was expected, the simulation experiments confirm the advantage of applying an automated
manufacturing line, as compared to a manually operated one. This can be seen in particular in the
case of work in three shifts for a long period of time. Because the models were build based on OEE
components, therefore similar manufacturing systems can be directly compared. The productivity
of a manufacturing line operated by a robot has improved by about 30%, compared to a manually
operated line. Also, the reliability of human operators and robots plays a significant role. The computer
simulation of the detailed model of production line with machines, operators and robots with reliability
parameters allows for better representation and understanding of a real production process which is
important for early design and enables front-end planning.

However, in other cases of tending machine tools, the difference between human operators and
robots may not be clear to see. Therefore, the economic factors related to robot and labour costs also
play an important role, because high investment costs are a major deterrent to robotization.

Results obtained with the proposed method can be used for designing a similar robotic workcell
and economic analysis regarding labour costs and costs associated with the investments in robotization.
The use of OEE factors allows for comparing results from other manufacturing systems. The reality is
that most manufacturing companies have OEE scores closer to 60%, but there are many companies
with OEE scores lower than 50%, and a small number of best-in-class companies that have OEE scores
higher than 70% [51].

The proposed method can be also used for developing a digital twin of a manufacturing system
for the purpose of Industry 4.0.

Supplementary Materials: The following are available online at http://www.mdpi.com/2076-3417/10/8/2862/s1.
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