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Abstract—According to the concept of Industry 4.0, shop floor
control and optimization should be more and more autonomous
and integrated. In the age of digital transformation, human
operators are still applied in manufacturing processes, so the
uncertainty of their tasks times cannot be ignored during
scheduling and line balancing. To provide accurate and real-
time information about the operators we propose an RFID based
task time analysis system. We demonstrate that the empirical
density distribution functions of the tasks times can be convolved
to generate stochastic model-based optimal solutions of simple
assembly line balancing (SALPB) and bin- packing (BP) based
scheduling problems.

I. INTRODUCTION AND OVERVIEW

Flexible manufacturing became a fundamental requirement
for companies because of the increasing product variety and
decreasing demand volumes [1]. Most of the companies min-
imize setup times and the losses of product changes by the
change-over from the progressive assembly line to the cellular
manufacturing [2]. The reconfiguration of an assembly line
to parallel manufacturing cells (and vice versa) the instant
update of the process models used for monitoring, control and
optimization of the production line.

The development of Internet of Things (IoT) and Cyber-
physical systems (CPS) aims to realize the interactions be-
tween the production systems and their models used for real-
time optimization [3], [4]. CPSs lead to the 4th Industrial
Revolution that relies on the newest developments of man-
ufacturing science and technology (MST), computer science
(CS) and information and communication technologies (ITC)
[4]. As a result, intelligent production systems are born that
are robust in uncertain environments.

In the age of digital transformation, human operators are
still applied in manufacturing processes. Human factors com-
plicate the change-over and make cellular manufacturing more
difficult [5]. Furthermore, the uncertainty of the tasks times
of the operators cannot be ignored during scheduling and line
balancing. To provide accurate and real-time information about
the operators we propose an RFID based task time analysis
system.

The most successful CPSs are based on radio frequency
identification (RFID). This technology uses electromagnetic
fields to collect real-time data [6] for example about the
activities of workers (operators) and machines, and move-
ments of materials [7] and workpieces [8], [9]. Multi-agent
supported RFID systems were developed to realize location-
sensing systems [10] and intelligent-guided view systems [11].
Human-activity monitoring RFID systems [12] provide a great
possibility to observe the work of the operators. With the help
of these devices, the whole production process and the pro-
duction and waiting times became online measurable. Based
on this information, shop floor control (SFC) and optimization
can also be realized.

The NP-hard complexity of the scheduling problem is
handled in several heuristic-based optimization solutions [13]–
[16]. For sequencing and scheduling of flexible manufacturing
cells simulated annealing is proven as an efficient heuristic
algorithm [17]. Sequence depended processing times [18],
agent-based on-line applications [19], optimal design of cel-
lular manufacturing systems [20], Petri net-based integrated
control and scheduling [21] were also studied. The reliability
flexible manufacturing systems [22] and their performance
were also evaluated and also monitored in Ref. [23].



Taking into account the stochastic character of the shop floor
control and optimization tasks is a challenging problem. To
deal with this challenge, i.e., to support the efficient change-
over, frequent re-assignment, and rescheduling, we propose
a novel tool based on the evaluation of empirical working
time probability distribution. The distributions are calculated
from the information delivered by RFID systems. The pro-
posed methodology uses stochastic approach and supports the
optimization of both progressive and cellular manufacturing
systems on shop floor level.

In the remaining part of this article, firstly, we present
the proposed RFID data-based analysis framework in II. To
visualize the performance of the production line we propose
a set of tools in Section III. Then in Section IV, we introduce
the identified stochastic model and the empirical working time
distributions. In Section V, we present the role of the task
times in optimization and introduce the performance measures
to determine the balancing of the production process.

II. STRUCTURE OF THE PROPOSED DECISION SUPPORT
SYSTEM

The proposed methodology follows the ISA-95 standard
used for developing automated interfaces between enterprise
and control systems (see Fig. 1).

The first level is the Shop Floor Level, where the manu-
facturing cells and production lines take place. The second
level is responsible for collecting data. The production data
warehouse also belongs to this level. The BOM lists (Bill Of
Materials) have a significant role in our system as it helps
to put into context the measurements. Based linked data we
generate key performance indicators (KPIs) and identify the
optimization models with the help of expert knowledge or
machine learning algorithms. According to the hierarchy ISA-
95 at the fourth and fifth levels, the production process is
optimized. Scheduling, sequencing and line balancing are used
to improve the production.

When the RFID readers are placed such that we can
estimate the duration of the tasks, we can evaluate how the
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Fig. 1. The structure of a decision support system. We focus on RFID based
activity time measurements and link all production data to build stochastic
models for monitoring and optimizing the production.

production line is balanced, what is the effect of product
changes, and we can provide real-time data for OEE (Overall
Equipment Effectiveness) calculations. When the BOM list is
also available, we can estimate how the activity time depends
on the built-in components, which information is useful in
scheduling and line balancing, especially in mixed-model
manufacturing. According to concept of Industry 4.0, the
optimization algorithms select the highest priority order, the
factory production lines receive production order information.

III. VISUALIZATION OF TASK TIME MEASUREMENTS

In our case study, the data of a progressive assembly line is
analyzed. The RFID readers were installed at workstations,
while the RFID tags were installed on the trays, so the
production can be tracked based on the interaction of the RFID
tags and the workstations.

To provide a deeper understanding about the status of a
workstation, firstly, we analyze the histogram of the elapsed
time between two RFID tags (Fig. 2).
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Fig. 2. Distribution of processing times at a given workstation. Unrealistic
short times related to multiple RFID reads can be easily identified. The tail
of the distribution indicates micro-stops and break-downs.

The first peak of the histogram belongs to elapsed times
smaller than two seconds. Such unrealistic short activities are
caused by multiple reads or the movement of empty trays.
For the precise identification of the activity times these values
should be excluded from the analysis. As can be seen, the
distribution has a long tail, which reflects micro-stops and
significant breakdowns. The distribution is multimodal (max-
imums appear approximately at 80, 110 and 180 seconds),
which indicates that in the studied period models with different
complexity were produced on the production line.



The comparison of the distributions at the different work-
stations gives information about how the production line is
balanced. For this propose, we developed box plots shown in
Fig. 3.
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Fig. 3. Distribution of processing times at each workstations.

To give much more detail, we developed a heat map for the
visualization of the activities. In Fig. 4 each row represents
a workstation and each column represents a time interval (in
our case one hour). The colors of the plot represent how many
items were processed in a given workstation in a time unit.
Lighter columns represent slower production of products with
higher complexity. The analysis of the internal distribution of
the columns gives information about the balance of the line,
as in case a well-balanced production the columns should
contain nearly the same values. With adequate resolution,
diagonal trends of idle times can be visualized, which can even
reflect speed losses due to the change from a more complex
product to a simpler one.It is interesting to note that some rows
contain significantly smaller values than we would expect, so
the presented figure also highlights misconfigured and poorly
operating RFID readers.

The average of the task times of the workstations gives
useful information about the production speed (related to the
cycle time) (see Fig. 5). Darker columns in Fig. 4 stand for
reduced tasks times which is strengthened in Fig. 5. As can
be seen, after slowly decreasing trends sudden increases can
be seen, which reflects that when a product with smaller cycle
time is produced then the mean task time is decreased slowly
since the slower products retard faster ones in the production
line. Contrary, when a slower product follows the faster ones,
then average task time became high again. Thus, the loss due
to the product changes can also be examined with the proposed
tools.

The speed losses are also related to micro-stops. The
visualization of the number of these stops also supports the
work of process engineers in the development of the studied
progressive production line (see Fig. 6.).
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Fig. 4. Heatmap of operator activities. Each row represents a workstation and
each column represents a time interval (in our case one hour). The colors of
the plot represent how many items were processed in a given workstation in
a time unit. The heat map represents the data of three day operation.
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Fig. 5. The average of the task times of the workstations gives useful
information about the production speed (related to the cycle time). The three
days of operation is partitioned in the same manner as in Fig. 4.
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Fig. 6. Number of micro-stops in the time intervals. The three days of
operation is partitioned in the same manner as in Fig. 4.
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Fig. 7. Empirical probability distributions based on the histogram of process-
ing times. (a) The histogram of RFID delivered data of processing times. (b)
The created empirical probability density functions of the data.

IV. EMPIRICAL DISTRIBUTION OF THE TASK TIMES

Timestamps provided by the RFID tags can also be used to
determine the statistical distribution of the task times which
are the key elements of the stochastic models that can be used
for the optimization of the production.

Our methodology is flexible as it uses discrete empirical
probability density function (PDF) (as it can be seen in Fig. 7),
cumulative distribution function (CDF) and survival function
of the task times:

fj(t) = Pr(Tj = t) probability density function of
task j

Fj(t) = Pr(Tj ≤ t) cumulative distribution function
of task j

Sj(t) = Pr(Tj > t) survival function [24] of task j
The tasks times are positive discrete values, thus the sum of

the positive domain of the PDF is equal to one,
∑L
t=1 fj(t) =

1, where L represents the maximum time period covered by
the distribution function. The cumulative distribution function
is calculated as it can be seen in Eq. 1.

Fj(t) =

t∑
ti=1

fj(ti) (1)

Deterministic task times can easily be summed up. To
handle the stochastic nature of the task times effectively,
we should apply discrete convolution on empirical PDFs to
sum the empirical stochastic task times (Eq. 2). The usage
of convolution to sum distribution functions are not unique
[25], [26]. The literature of assembly line balancing problem
also contains the approach [27]–[29]. fi+j(t) determines the
probability of tasks i and j finished at time t.

fi+j(t) = (fi ∗ fj)(t) =
L∑

tz=1

fi(tz)fj(t− tz) (2)

The convolution of PDFs of tasks belong to station k (Sk)
determines the PDF of processing time of processor k. Thus,
the probability that a processor k finishes its work until time
t is given by Eq. 3. The convolved PDFs and CDFs are
visualized in Fig. 8.

FSk(t) =

t∑
ti=1

fSk(ti) (3)
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Fig. 8. Convolution of the processing times shown in Fig. 7. (a) Convolved
probability density functions of processing times. (b) Convolved cumulative
distribution function of processing times.

The expected finishing time (Tα(j)) of task j with a
confidence level, e.g. α = 0.9 (means 90%) can be determined
by Eq. 4.

Tα(j) = min(t|Fj(t) > α, t ∈ [1, L]) (4)

Similarly to Eq. 4, the expected finishing time for processor
k, Tα(Sk) can be also calculated. Thus, the convolution
of the processing time of processors provides the excepted
completion time of the product in cellular manufacturing. If
the data from RFID system may provide idle time, then it
should be estimated and handled separately. Moreover, the
convolved processing times will be the theoretical lead time
(Tα,sum = Tα(

∑
i∈V i)), and idle time will be calculated to

this lead time also.

V. TASK TIMES IN SHOP FLOOR OPTIMIZATION

In this section, we overview the role of task times in
production scheduling and line balancing. The two problems
are very similar. The general problem is given as follows. Let
V = {1, 2, . . . , n} is the set of tasks and W = {1, 2, . . . ,m}
is the set of processors (machines, workstations or cells) at
shop floor. The processing time of the j-th task is noted by
Tj (in case of identical processors). In the following, we will
note processing time of task j by Tα(j) to emphasize its
stochastic characteristic. Sk is the set of the tasks of processor
k. The processing time of processor k is noted by Tα(Sk) and
introduced above.

In case of scheduling, additional constraints should be
defined [30]. Arrival time rj represents when the task j is
ready for processing. Due date dj determines the time until
task j should be completed. Deadline d̃j gives a hard limit
until task j must be completed. Weight (relative urgency or
priority) of task j is given by wj . Beside these constraints,
the following parameters should be determined for each task.
Completion time of task j is noted by Cα(j). Flow time
Fα(j) = Cα(j)− rj is the sum of idle and processing time of
task j. Lateness of task j is denoted by Lα(j) = Cα(j)− dj ,
while its tardiness is Dα(j) = max{Cα(j) − dj , 0}. To
measure the efficiency of the production, the following KPIs
can be calculated. Cα,max = maxj(Cα(j)) shows the lead
time of the model. Lα,max = maxj(Lα(j)) gives the latency
of the model.
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The objective functions in case of scheduling are [30]:

1||Cα,max minimize Cα,max
1|prec|Cα,max minimize Cα,max, while

precedence relations are
given

1|rj |Cα,max minimize Cα,max, while rj
arrival times are given

1|prec, d̃j |
∑
wjCα(j) minimize

∑
wjCα(j), while

precedence relations and
strict deadlines are given

In case of assembly line, cycle time is determined as
Cα = maxSk Tα(Sk). Based on the cycle time, the following
KPIs can be determined. The efficiency of the kth processor
can be given with Eα(Sk) = Tα(Sk)/Cα, while the efficiency
of the manufacturing is noted with Eα = Tα,sum/mCα,
where Tα,sum is the theoretical lead time and is computed
as Tα,sum = Tα(

∑
i∈V i). The idle time of processor k can

be calculated as ITα(Sk) =
∑Cα
t=1 FSk(t)t, while smoothness

index of processor k is defined as it can be seen in Eq. 5. Fig.
9 visualize the meaning of smoothnes index in our stochastic
model.

SXα(Sk) =

Cα∑
t=1

FSk(t)t+

L∑
t=Cα+1

(1− FSk(t))t (5)

The smoothness of the line can be calculated as SXα =∑m
k=1 |SXα(Sk)| [31].
The objective functions of the assembly line problems can

be defined as [32] :
SALBP-1: minimize m, while Cα is given
SALBP-2: minimize maxSk(ITα(Sk)) and Cα, while

m and α are given
SALBP-E: maximize Eα, while m and α are given
EPALBP: minimize SXα, while m and α are given

Since each objective functions depend on task times, the
results are strongly related to its representation (Tj orTα(j)).
The most simple (thus, the most common) approach assigns
deterministic values to each task. Other approaches assume
that processing times of the tasks and processors are in-
dependent random variables [28], [33], [34]. Unfortunately,
most of these approaches use normally distributed indepen-
dent probability variables to represent task times, but in real
manufacturing processes, task times mostly follow asymmetric
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Fig. 10. Visualization of dynamic programming based optimization. Each
cell of the matrix represents an estimation of the objective function related to
the proposed stochastic measure of scheduling or line balancing problem.

distributions. Consequently, results of these models are not al-
ways realistic. In contrast, the proposed empirical distribution
based models provide more flexible and more accurate models.

Since all objective functions minimize or maximize KPI
values, we can use them to measure the balance of the created
line or cells. Thus, the maximum of completion times (Cα,max
- cycle time), the maximum latency (Lα,max) and the sum of
weighted completion times (

∑
wjCα(j) - lead time) can be

used to analyze the balance of the scheduling. Similarly, in
case of an assembly line, the efficiency (Eα, Eα(Sk)), the idle
time (ITα) and smoothness index measures (SXα, SXα(Sk))
can be used to determine the balance of the line. Since each
of the utilized measures depends on a confidence level α, the
balance of the line can be optimized by the fine-tuning of this
parameter.

With the convolution of the task times, the distribution of
the net lead time of a product can also be calculated. Since this
theoretical time is identical to the processing time in a manu-
facturing cell, these distributions can also be used to calculate
the optimal assignment of the products to manufacturing cells
with dynamical programming (see Fig. 10).

VI. CONCLUSION

IIoT opens opportunities to analyze and optimize manu-
facturing. In this paper, we identified the benefits of RFID
generated activity time analysis. To reveal hidden information
about the performance of production lines we developed
heat maps to highlight the production speed and explain its
variation related to product changes and micro-stops.

We used measured processing times to identify discrete
empirical probability distribution functions of the tasks times.
We showed that based on the convolution of the distribution
functions station times, lead times, finishing times, and key
performance indicators of manufacturing cells and production
lines could be calculated. We highlighted that the resulted
stochastic models could be applied in the scheduling of
manufacturing cells and of balancing assembly lines. We also
highlighted that data provided by RFID system installed on
an assembly line could be directly used in scheduling cellular
manufacturing.



NOMENCLATURE

V - set of tasks, j = 1, 2, . . . , n
W - set of workstations, k = 1, 2, . . . ,m
Tj - task time of task j, j ∈ V
TRj - task time based on RFID data
Sk - set of tasks assigned to workstation k
T (Sk) - workstation time
C - cycle time
IT (Sk) - idle time of workstation k
E(Sk), E - efficiency of workstation k, or the line
SX - smoothness index [31]
fj(t) - discrete PDF of task j
Fj(t) - discrete CDF of task j
α - confidence level
Tα(j) - expected processing time of task j

with confidence α
Es(Sk), E

s - stochastic efficiency of workstation k,
or the line

IT s(Sk) - stochastic idle time of workstation k
SXs(Sk), SX

s - stochastic smoothness index of work-
station k, or the line
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