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Abstract—Automated measurement of the machine reli-
ability parameters for a production system enables a con-
tinuous update of the mathematical model of the system,
which can be used for various analyses toward productiv-
ity improvement. However, the continuous update may be
impeded by some machines of which automated parame-
ter measurements are out of order. Such a situation has
been observed, for instance, when some of the machines
in the line cannot save log files or Internet of Things de-
vices that measure these machines stop functioning. In
this context, this article addresses the problem of esti-
mating the reliability parameters of those machines while
avoiding a direct manual measurement (by humans) of up-
time and downtime. It turns out that those parameters can
be computed using buffer-related data of the neighboring
machines along with the system information. With this, a
continuous update of the model is possible even though
some machines stop recording their status in an automated
manner. The method is indirect as opposed to direct man-
ual measurement. The results are derived for synchronous
serial production lines with Bernoulli and also exponential
reliability characteristics. Our simulation studies verify the
accuracy of the proposed estimation methods.

Index Terms—Data-driven, Industry 4.0, parameter esti-
mation, smart factory, smart production systems.

I. INTRODUCTION

ADVANCES of Internet of Things (IoT) and cyber–physical
systems technologies have accelerated the development

of smart factories, where real-time data from the factory floor
are collected and utilized to manage the whole operation for
improved productivity, lower level of inventories, lower en-
ergy consumption, and on-demand manufacturing, etc. [1]–[4].
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Two categories of technologies seem necessary to enable smart
factories: the first is an infrastructure for data acquisition and
utilization, and the second is a set of methods to address specific
problems that are of importance.

In the first category, several data system frameworks have
been developed (e.g., Arrowhead [5], Falcon [6], Reference
Model by Industrial Data System Association [7], [8], etc.) that
facilitate data collection, storage, information exchange, and
request/provide analytics-based services. The second category
is traditionally an area for industrial engineering, where queuing
theory, linear programming, decision theory, etc., have been
developed [9].

As one of the constituents of technologies in the second
category, smart production systems has been a topic of active
research [10]–[12]. Smart production systems address the prob-
lem of productivity improvement using the work of production
systems engineering (PSE) [13], which provides a mathematical
foundation to solutions of many important problems of produc-
tion systems such as bottleneck identification, lean buffering,
customer demand satisfaction, etc. See [13] for more details.
The theory of PSE develops a mathematical model of the pro-
duction line, all parameters of which are computed using the data
measured from the factory floor, and uses the model for various
analyses. Key parameters are mean time to repair (MTTR) and
mean time between failures (MTBF) for each machine in the
production system. Those two parameters are important since
machine reliability characteristics are defined based on the two
parameters. Estimating MTBF and MTTR requires observation
of many instances of machine down, which takes an extended
period of time. The use of IoT devices is expected to significantly
reduce the effort required for collecting such data. Recently, the
number of uptime/downtime measurements, necessary to ensure
a given accuracy and likelihood of MTTR and MTBF estimates,
was derived with mathematical rigor in [14]. A modeling ap-
proach distinct from measuring uptime and downtime of each
machine is proposed in [15] where measurement of work in
process for each buffer and the throughput of the line are used
instead.

Eventually, the first and the second categories must be inte-
grated so that the first will feed real-time data to the second so
that results of analytics are continuously updated. While such
integration is slowly progressing, some effort has been made
to analyze productivity of a production line based on existing
(rather than newly proposed as in [5]–[8]) fault monitoring
data infrastructure [16]. As it turns out, situations arise in
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production systems where some of the machines fail to report
status to a data system. Indeed, the authors of this manuscript
encountered manufacturing lines in Daegu Metropolitan City,
Korea, which have been implemented with data logging sys-
tems under the government initiative for the smart factory, but
some of the logging functions are not operational. Repair has
been avoided since it is viewed as costly both in time and
resource.

The motivation of this work is as follows. Such a situation
hinders continuous updates on machine reliability parameters.
The modeling of the entire production system cannot be com-
pleted due to a machine whose logging is not operational. We
refer to such a machine as unknown machine in the sense that
the data from the machine are not available. Estimating the
reliability parameter of an unknown machine is an important
problem. As mentioned before, an unknown machine impedes
modeling of the production line and consequently productivity
analysis.

In this work, we consider the problem of estimating key
parameters (MTTR and MTBF) of an unknown machine. To
the best of our knowledge, existing work does not address this
problem. Most of the existing work assumes all data are avail-
able. The methods are developed for synchronous serial lines
that follow the Bernoulli model and the exponential reliability
model, respectively. We refer to the method developed in this
work as “indirect estimation” in the sense that the reliability
parameters of a machine are obtained not by direct measurement
of the uptime/downtime of the machine but by estimation from
the data of the other machines in the line.

The main contributions of this article are as follows.
1) A method of estimating the reliability parameter of an un-

known machine in a production line that follows Bernoulli
model using the data from neighboring machines.

2) A method of estimating the reliability parameters of an
unknown machine in a production line that follows syn-
chronous exponential model using the data from neigh-
boring machines.

3) It is shown that the methods are applicable to a production
line with more than one unknown machines as long as they
are not placed consecutively.

4) Evaluation of the estimation accuracy using simulation is
performed to show that proposed methods are practical.

In addition, the proposed methods in this article may serve
as a feature that enhances the resiliency of smart production
systems because they provide means to deal with failures of
some sensors or circuits in the data system with no additional
costs to repair them. This may be viewed as technologies in the
second category operate in a way to compensate the deficiency
in the first category, i.e., data systems.

The outline of this article is as follows. Section II describes
synchronous serial production lines with machines and buffers.
Descriptions of the performance measures are also given. Sec-
tions III and IV develop an indirect method for lines with
Bernoulli reliability characteristics and illustrate the accuracy.
Sections V and VI carry out a similar development for lines
with exponential reliability characteristics. Finally, Section VII
concludes the article.

Fig. 1. Standard form of serial production line.

II. SYNCHRONOUS SERIAL PRODUCTION LINES,
PERFORMANCE MEASURES, AND UNKNOWN MACHINES

A serial production line is shown in Fig. 1 which consists ofM
machines (m1, . . . ,mN ) and M − 1 buffers (b1, . . . , bM−1). All
machines work synchronously, i.e., all machines are assumed
to have constant and identical cycle times denoted by τ . The
capacity of buffer bi is denoted by a positive integer Ni.

Two types of reliability models are considered in this article:
the Bernoulli reliability model for slotted time case and the ex-
ponential reliability model for continuous-time case. These two
models permit analytical results for production system analysis
while other reliability models do not. More importantly, many
production systems are well approximated by these two models.
Many examples exist that adopted these models to analyze
actual production systems [17]–[20]. Reliability parameter for
the former is pi, i.e., the probability that a machine stays up
for each duration of τ . This parameter for the machine mi is
typically obtained by

pi =
Tup,i

Tup,i + Tdown,i
(1)

where Tup,i is the average uptime (MTBF) obtained from uptime
measurement and Tdown,i is the average downtime (MTTR)
obtained from downtime measurement.

For the exponential lines, the reliability of the ith machine is
described by two parameters, the failure rate λi and the repair
rate μi. The two are typically obtained from the measurement
by

λi =
1

Tup,i
, μi =

1
Tdown,i

. (2)

Some performance measures of the production lines are in-
troduced.

1) Production rate (PR): The average number of parts pro-
duced by the last machine per cycle time in the steady-
state.

2) Starvation ratio of mi (STi): The steady-state probability
that mi stops working due to an empty upstream buffer.

3) Blockage ratio of mi (BLi): The steady-state probability
that mi stops working due to a full downstream buffer.

In this article, we assume the machines in the production lines
have automated data measurement systems. They record uptime
and downtime for MTBF and MTTR and starvation/blockage
time for STi and BLi. Additionally, two buffer state indicators
are also measured: one that records if the upstream buffer is
empty or not, and the other that records if the downstream buffer
is full or not. If a machine mi is an unknown machine, none of
the data from the machine such as Tup,i, Tdown,i, STi, and BLi

is available.

Authorized licensed use limited to: DGIST. Downloaded on July 18,2022 at 07:50:01 UTC from IEEE Xplore.  Restrictions apply. 



KIM et al.: DATA-DRIVEN INDIRECT ESTIMATION OF MACHINE PARAMETERS FOR SMART PRODUCTION SYSTEMS 6539

It must be pointed out that the number of observation for
relevant events (e.g., machine failure, buffer full or empty, etc.)
affects the estimation accuracy. The problem of ensuring a given
accuracy has been rigorously investigated in [14]. Thus, in this
work, we assume the estimates are based on large enough data
points to ensure the desired accuracy.

A line may have one or multiple unknown machines. For
the unknown machine mi, the reliability parameter pi for
Bernoulli line needs to be obtained by a means other than (1)
and the reliability parameters λi and μi for the exponential
line by a means other than (2). We intend to develop such
methods.

III. INDIRECT ESTIMATION FOR BERNOULLI LINES

A. Analysis of Performance Measures

How the performance measures relate to all other parameters
in the system is briefly reviewed here based on the work of [13].
Exact solutions for performance measures exist only for the
two-machine serial line. In order to analytically calculate the
performance measures, the production line is modeled as a
Markov chain, of which the states are the buffer occupancy.
For real numbers 0 < x, y < 1 and a natural number N , define
the function

Q(x, y,N) =

⎧⎪⎪⎨
⎪⎪⎩

(1 − x)(1 − α)

1 − x
yα

N
, if x �= y,

1 − x

N + 1 − x
, otherwise

with α = x(1−y)
y(1−x) . The function Q(x, y,N) represents the prob-

ability that the buffer is empty. Then, the performance measures
of the two-machine line are given by

PR = p1(1 −Q(p2, p1, N1))

= p2(1 −Q(p1, p2, N1)), (3)

BL1 = p1Q(p2, p1, N1), (4)

ST2 = p2Q(p1, p2, N1). (5)

For the production lines with M > 2, the Markov chain
approach is not practical because the number of states is the
multiple of all possible states of each buffer, i.e.,ΠM−1

i=1 Ni, which
increases exponentially as the number of buffers increases.
Alternatively, the following aggregation method is used. The
aggregation method approximates the entire line by a virtual
two-machine line. The total of M − 1 choices of the virtual
two-machine line exists, each of which is anchored at a buffer.
For instance, all machines and buffers before the buffer bi are
approximated by the first virtual machine, and all after the buffer
bi are approximated by the second virtual machine. This is
depicted in Fig. 2. The forward Bernoulli parameter for mf

i is
expressed as pfi , and the backward Bernoulli parameter of mb

i+1
is expressed as pbi+1.

The forward and backward parameters of each machine are
defined recursively with an iteration index s = 0, 1, 2, . . . , as

Fig. 2. Two-machine serial line by the aggregation method, i =
1, 2, . . . ,M − 1.

follows:

pbi (s+ 1) = pi(1 −Q(pbi+1(s+ 1), pfi (s), Ni)),

i = 1, . . . ,M − 1,

pfi (s+ 1) = pi(1 −Q(pfi−1(s+ 1), pbi (s+ 1), Ni−1)),

i = 2, . . . ,M (6)

with pfi (0) = pi, i = 1, . . . ,M as initial conditions and
pf1 (s) = p1, pbM (s) = pM , for all s as boundary conditions.
Parameters pfi (s) and pbi (s) converge in the procedure of (6)
and yield

pbi := lim
s→∞ pbi (s), p

f
i := lim

s→∞ pfi (s). (7)

Using the aggregation method, the performance measures of the
serial lines with M > 2 are given by

P̂R = pb1 = pfM (8)

= pbi+1(1 −Q(pfi , p
b
i+1, Ni))

= pfi (1 −Q(pbi+1, p
f
i , Ni)), i = 1, . . . ,M − 1,

̂BLi = piQ(pbi+1, p
f
i , Ni), i = 1, . . . ,M − 1, (9)

ŜTi = piQ(pfi−1, p
b
i , Ni−1), i = 2, . . . ,M. (10)

Since these measures are obtained by an approximation, they
are denoted with “hat” to indicate this nature.

B. Two-Machine Lines (M = 2)

When one of the two machines is an unknown machine, its
Bernoulli parameter can be calculated using (4) or (5), which is
formulated in the following theorem.

Theorem 1: Consider the production line shown in Fig. 1 with
M = 2. Let mi be the unknown machine.

1) If i = 1, then p1 is given by the solutionx of the following
equation:

Q(x, p2, N1) =
ST2

p2
. (11)

2) If i = 2, then p2 is given by the solutionx of the following
equation:

Q(x, p1, N1) =
BL1

p1
. (12)

Proof: See Appendix. �
Remark 1: In regard to solving (11) or (12) for x, one always

encounters an invalid solution that needs to be discarded.
When solving for x the equation Q(x, p,N) = ξ with given
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Fig. 3. Procedure for data-driven indirect estimate method of Bernoulli production lines.

0 < p, ξ < 1, and a natural number N , the mathematical
derivation using the formula of Q for x �= p always yields that
x = p is a solution regardless of ξ. However, this is not a valid
one since the formula is for x �= p. Using a bisection algorithm
to solve (11) and/or (12) effectively avoids the invalid solution.

The implication of the results is as follows. If m1 is the
unknown machine, i.e., Tup,1 and Tdown,1 are not available, p1

cannot be computed by (1). However, p1 can be obtained by
Theorem 1 using ST2. Note that, as mentioned in Section I, ST2

can be computed using the log of m2. The same applies for
the case when m2 is the unknown machine, i.e., BL1 can be
computed from the log of m1.

C. Lines With More Than Two Machines (M > 2)

When M > 2, the results of aggregation method, i.e., (6), (9),
and (10), are used for the data-driven indirect estimation.

Theorem 2: Consider the production lines shown in Fig. 1
with M > 2. Let mi be an unknown machine.

1) If i ∈ {2, . . . ,M − 1}, then, p̂i is given by

p̂i =
pbi

1 −Q(pbi+1, p
f
i , Ni)

(13)

where pbi and pfi are the unique solutions, respectively, of
the following equations in x

Q(x, pfi−1, Ni−1) =
BLi−1

pi−1
, (14)

Q(x, pbi+1, Ni) =
STi+1

pi+1
. (15)

Here, pfi−1 in (14) is given by pfi−1 = pi−1 − STi−1, and
pbi+1 in (15) by pbi+1 = pi+1 − BLi+1.
Alternatively, p̂i in (13) can also be obtained by

p̂i =
pfi

1 −Q(pfi−1, p
b
i , Ni−1)

. (16)

2) If i = 1, then p̂1 is given by the solutionx of the following
equation:

Q(x, pb2, N1) =
ST2

p2
(17)

where pb2 = p2 − BL2.

3) If i = M , then, ˆpM is given by the solution x of the
following equation:

Q(x, pfM−1, NM−1) =
BLM−1

pM−1
(18)

where pfM−1 = pM−1 − STM−1.
Proof: See Appendix �
Insight for obtaining the estimates in Theorem 2 is given

in Fig. 3. As seen in 1), for the estimation, the information
of the machines and buffers located before and after the un-
known machine is necessary. Note that the result is applicable
when unknown machines are multiple, as long as they are not
consecutive.

IV. ACCURACY OF ESTIMATION ON BERNOULLI LINES

A. Model Validation With Estimated Parameters

The estimation of Bernoulli parameter for the M > 2 case
is not exact because it is based on the aggregation procedure,
which is an approximation. Here, we investigate the accuracy of
the proposed method with two metrics

εp =
|pi − p̂i|

pi
, εPR =

|PRs − PRi|
PRs

(19)

where PRs is the production rate obtained by the simulation, and
PRi is the production rate obtained by the aggregation method
with mi being unknown. The former shows the accuracy of p̂i,
and the latter shows how closely the model predicts PR with the
estimated parameter for the unknown machine.

For the investigation, we consider production lines with M =
5, 10, 15, and 20. For each case, the parameters are randomly
selected in the following ranges:

pi ∈ [0.7, 1], Ni ∈ [1, 10]. (20)

The ranges are selected based on authors’ experience of observ-
ing many production lines. Similar ranges are used in [13], [17],
and [19]. For each production line, we discrete-event simulate
the behavior of the production line. The data from the first 10 000
time slots are discarded to avoid the effect of a transient. The
data from the subsequent 200 000 time slots are used to evaluate
PR, STi, and BLi.

For each production system, in the order of i = 1, 2, . . . ,M ,
machinemi is treated as an unknown machine, and p̂i is obtained
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TABLE I
FREQUENCY FOR ESTIMATION ERROR IN BERNOULLI LINE

by the proposed method. The simulation is done for 10 000
different lines for each M = 5, 10, 15, and 20.

The results are shown in Table I. It turns out that εp < 0.05
for 90.76% of the 10 000 M = 5 lines, 81.27% of the M = 10
lines, 76.93% for M = 15 lines, and 74.29% for M = 20 lines,
which indicates that the parameter estimation accuracy is high
for most cases. For all the cases considered, εPR < 0.05.

B. Accuracy in Bottleneck Identification

The most common use of the mathematical model of a
production line is to identify the bottleneck machine denoted
by BNm. The bottleneck machine is defined as the machine
with the largest ∂PR/∂pi among all machines in the line. In
this subsection, we investigate the BNm identified using p̂i is
identical to BNm identified using pis by simulating M = 5
lines. Two methods are available to identify the bottleneck:
sensitivity analysis that evaluates the partial derivatives using
the aggregated model and the arrow method that utilizes STi

and BLi instead of directly evaluating the partial derivatives.
The arrow method is simple and widely used in practice [13].

Let us denote the bottleneck machine resulting from the first
method by BNmAgg and that from the latter by BNmArr. Both
methods are not exact. However, in most cases, they give the
same result. Since both are not exact, we also identify the
bottleneck machine based on discrete-event simulations: numer-
ically evaluating ∂PR/∂pi by perturbing pi and carrying out
simulations. We denote this bottleneck by BNmDES and regard
BNmDES as the true bottleneck.

The investigation is done for 5000 randomly generated serial
production lines, whose parameters are selected in the range
given in (20). For each line, we first find BNmDES, BNmAgg,
and BNmArr. Then, for each line, we treat mi as an unknown
machine in the order of i = 1, 2, 3, 4, and 5, apply the proposed
method to estimate pi, and find ̂BNmAgg and ̂BNmArr. The hat
notation indicates that these bottleneck machines are found from
the mathematical model that contains an unknown machine. As
a result, for each production line, we have one value of BNmDES,
one value of BNmAgg, one value of BNmArr, five values of
̂BNmAgg, and five values of ̂BNmArr.

The results in Table II show the frequency that ̂BNmAgg is

equal to the true bottleneck (BNmDES), and also ̂BNmArr is
equal to BNmDES. We also show in Table II the frequency of

TABLE II
ACCURACY OF BNM IDENTIFICATION WITH UNKNOWN BERNOULLI MACHINE

correct BN identification when all machines are known. The BN
identification based on indirect estimation is almost as accurate
as that of the cases of all machines being known.

V. INDIRECT ESTIMATION FOR SYNCHRONOUS

EXPONENTIAL LINES

A. Analysis of Performance Measures

The exact solutions for PR, ST, and BL exist only for M = 2
[13]. They are obtained from a Markov chain model whose states
are buffer occupancy and the machine states (up or down). For
real numbers μ1, λ1, μ2, and λ2 and a natural number N1, define
the function

Q(λ1, μ1, λ2, μ2, N1) =

⎧⎪⎨
⎪⎩

(1 − e1)(1 − Φ)

1 − Φe−βN1
, if e1 �= e2,

e1˜A

A+ λ2μ1ΨN1
, otherwise

(21)

where ei =
μi

μi+λi
(i = 1, 2), Φ = e1(1−e2)

e2(1−e1)
, Ψ = λ1 + λ2 +

μ1 + μ2, A = (λ1 + λ2)(μ1 + μ2), and β = Ψ(λ1μ2−λ2μ1)
A . The

function Q(λ1, μ1, λ2, μ2, N1) represents the conditional proba-
bility of the event that the buffer is empty and m1 is down under
the condition that m2 is down. Then, the performance measures
of the two-machine line are given by

PR = e2[1 −Q(λ1, μ1, λ2, μ2, N1)] (22)

= e1[1 −Q(λ2, μ2, λ1, μ1, N1)],

BL1 = e1Q(λ2, μ2, λ1, μ1, N1), (23)

ST2 = e2Q(λ1, μ1, λ2, μ2, N1). (24)

For production lines with M > 2, the aggregation
method [13] is used to obtain the performance measures.
Forward and backward parameters, obtained by a recursive
procedure, satisfy

μf
1 = μ1, (25)

μf
i = μi[1 −Q(λf

i−1, μ
f
i−1, λ

b
i , μ

b
i , Ni−1)], i = 2, . . . ,M

(26)

λ
f
1 = λ1, (27)

λ
f
i = λi + μiQ(λf

i−1, μ
f
i−1, λ

b
i , μ

b
i , Ni−1), i = 2, . . . ,M,

(28)

μb
i = μi[1 −Q(λb

i+1, μ
b
i+1, λ

f
i , μ

f
i , Ni)], i = 1, . . . ,M − 1,

(29)

μb
M = μM , (30)
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λb
i = λi + μiQ(λb

i+1, μ
b
i+1, λ

f
i , μ

f
i , Ni), i = 1, . . . ,M − 1,

(31)

λb
M = λM . (32)

Performance measures, again denoted with “hat” to indicate that
they are approximations, are given by

P̂R = efM = eb1

= ebi+1[1 −Q(λf
i , μ

f
i , λ

b
i+1, μ

b
i+1, Ni)], (33)

= efi [1 −Q(λb
i+1, μ

b
i+1, λ

f
i , μ

f
i , Ni)], i = 1, . . . ,M − 1,

B̂Li = eiQ(λb
i+1, μ

b
i+1, λ

f
i , μ

f
i , Ni), i = 1, . . . ,M − 1,

(34)

ŜTi = eiQ(λf
i−1, μ

f
i−1, λ

b
i , μ

b
i , Ni−1), i = 2, . . . ,M. (35)

Here, efi =
μf
i

μf
i +λ

f
i

and ebi =
μb
i

μb
i+λb

i

.

B. Two-Machine Lines (M = 2)

First, we introduce stationary probabilities of the boundary
states defined in [13]

P0,00 = P{(b1 is empty) ∧ (m1 is down) ∧ (m2 is down)},
P0,11 = P{(b1 is empty) ∧ (m1 is up) ∧ (m2 is up)},

PN1,00 = P{(b1 is full) ∧ (m1 is down) ∧ (m2 is down)},
PN1,11 = P{(b1 is full) ∧ (m1 is up) ∧ (m2 is up)}

where ∧ denotes the “and” condition for the events involved.
Note that the eight events associated with the above four bound-
ary probabilities are mutually exclusive.

Theorem 3: Consider the production lines shown in Fig. 1
with M = 2. Let mi be the unknown machine.

1) If i = 1, then the exponential parameters λ1 and μ1 are
given by

μ1 =
ST2

P0,00
λ2 − μ2, (36)

λ1 =
ST2

P0,11
μ1 − λ2. (37)

2) If i = 2, then the exponential parameters λ2 and μ2 are
given by

μ2 =
BL1

PN1,00
λ1 − μ1, (38)

λ2 =
BL1

PN1,11
μ2 − λ1. (39)

Proof: See Appendix �
Here, P0,00 and P0,11 can be obtained without the operational

information of m1. Since the exponential line is analyzed based
on the flow (continuous) model, the probability for the event
(b1 is empty) ∧ (m1 is up) ∧ (m2 is down) is zero. The state of
each machine is determined independently from the other ma-
chine; thus, we obtain

P0,00 = P{(b1 is empty) ∧ (m2 is down)} (40)

and ST is the probability of the event (b1 is empty) ∧
(m1 is down) ∧ (m2 is up) and, thus,

P0,11 = P{(b1 is empty) ∧ (m2 is up)} − ST2. (41)

Both of P0,00 and P0,11 are obtained from the logs of m2.
Similarly, PN1,00 and PN1,11 can be obtained from the log of

m1 as follows:

PN1,00 = P{(b1 is full) ∧ (m1 is down)}, (42)

PN1,11 = P{(b1 is full) ∧ (m1 is up)} − BL1. (43)

According to the result 1), the reliability parameters of the
unknown machine, i.e., λ1 and μ1, can be obtained indirectly
[not using (2)] only using the log of m2. The parameters λ2 and
μ2 are obtained from the log of m2 directly using (2). The result
2) applies for case when m2 is unknown.

C. Lines With More Than Two Machines (M > 2)

When M > 2, results of the aggregation method, i.e., (25)–
(32), (34), and (35), are used for the indirect estimation of an
unknown machine. Four boundary probabilities are defined for
the aggregated, virtual two-machine line shown in Fig. 2

P agg,i
0,00 =P{(bi is empty) ∧ (mf

i is down) ∧ (mb
i+1 is down)},

P agg,i
0,11 = P{(bi is empty) ∧ (mf

i is up) ∧ (mb
i+1 is up)},

P agg,i
Ni,00 = P{(bi is full) ∧ (mf

i is down) ∧ (mb
i+1 is down)},

P agg,i
Ni,11 = P{(bi is full) ∧ (mf

i is up) ∧ (mb
i+1 is up)}

where i = 1, 2, . . . ,M − 1.
Theorem 4: Consider the production lines shown in Fig. 1

with M > 2. Let mi be an unknown machine.
1) If i ∈ {2, . . . ,M − 1}, then the parameters μ̂i and λ̂i are

given by

μ̂i =
μf
i

1 −Q(λf
i−1, μ

f
i−1, λ

b
i , μ

b
i , Ni−1)

, (44)

λ̂i = λ
f
i − μ̂iQ(λf

i−1, μ
f
i−1, λ

b
i , μ

b
i , Ni−1) (45)

where μf
i , λ

f
i , μb

i , and λb
i are

μf
i =

STi+1(
ebi+1

ei+1
)

P agg,i
0,00

λb
i+1 − μb

i+1, (46)

λ
f
i =

STi+1(
ebi+1

ei+1
)

P agg,i
0,11

μf
i − λb

i+1, (47)

μb
i =

BLi−1(
efi−1
ei−1

)

P agg,i−1
Ni−1,00

λ
f
i−1 − μf

i−1, (48)

λb
i =

BLi−1(
efi−1
ei−1

)

P agg,i−1
Ni−1,11

μb
i − λ

f
i−1 (49)

Authorized licensed use limited to: DGIST. Downloaded on July 18,2022 at 07:50:01 UTC from IEEE Xplore.  Restrictions apply. 



KIM et al.: DATA-DRIVEN INDIRECT ESTIMATION OF MACHINE PARAMETERS FOR SMART PRODUCTION SYSTEMS 6543

and μf
i−1, λ

f
i−1, μb

i−1, and λb
i−1 are given by

μf
i−1 = μi−1

(
1 − STi−1

ei−1

)
, (50)

λ
f
i−1 = λi−1 + μi−1

(
STi−1

ei−1

)
, (51)

μb
i+1 = μi+1

(
1 − BLi+1

ei+1

)
, (52)

λb
i+1 = λi+1 + μi+1

(
BLi+1

ei+1

)
. (53)

Alternatively, λ̂i and μ̂i can also be obtained by

μ̂i =
μb
i

1 −Q(λb
i+1, μ

b
i+1, λ

f
i , μ

f
i , Ni)

, (54)

λ̂i = λb
i − μ̂iQ(λb

i+1, μ
b
i+1, λ

f
i , μ

f
i , Ni). (55)

2) If i = 1, then the exponential parameters μ̂1 and λ̂1 are
given by

μ̂1 =
ST2(

eb2
e2
)

P agg,1
0,00

λb
2 − μb

2, (56)

λ̂1 =
ST2(

eb2
e2
)

P agg,1
0,11

μ̂1 − λb
2 (57)

where

μb
2 = μ2

(
1 − BL2

e2

)
,

λb
2 = λ2 + μ2

(
BL2

e2

)
.

3) If i = M , then the exponential parameters μ̂M and λ̂M

are given by

μ̂M =
BLM−1(

efM−1
eM−1

)

P agg,M−1
NM−1,00

λ
f
M−1 − μf

M−1, (58)

λ̂M =
BLM−1(

efM−1
eM−1

)

P agg,M−1
NM−1,11

μ̂M − λ
f
M−1 (59)

where

μf
M−1 = μM−1

(
1 − STM−1

eM−1

)
,

λ
f
M−1 = λM−1 + μM−1

(
STM−1

eM−1

)
.

Proof: See Appendix. �
Note that we obtain STi−1, BLi−1,μi−1, and λi−1 from the log

ofmi−1, and STi+1, BLi+1 μi+1, and λi+1 from the log ofmi+1.
Thus, the parameters μf

i−1, λf
i−1, μb

i+1, and λb
i+1 in (50)–(53) are

obtained from the logs of mi−1 and mi+1.
However, obtaining μf

i , λf
i μb

i , and λb
i from (46) to (49) is not

feasible becauseP agg,i
0,00 ,P agg,i

0,11 ,P agg,i−1
Ni−1,00, andP agg,i−1

Ni−1,11 are quanti-
ties for the virtual, aggregated machines. A measurement-based

alternative is necessary to proceed further. We first considerμf
i in

(46). The only unknown in (46) isP agg,i
0,00 . However, the approach

of directly approximating P agg,i
0,00 by available measurement is in

vain. Instead, we proceed as follows. We approximate μf
i using

STi+1 and P i
0,00, which are obtained from the log of mi+1. The

values of STi+1 and P i
0,00 well approximate the probabilities

that are defined in the virtual line consisting of mf
i , bi, and

mi+1. Thus, using 1) (36) of Theorem 3 yields the following
approximation:

μf
i ≈ STi+1

P i
0,00

λi+1 − μi+1. (60)

We now explain why STi+1 and P i
0,00 approximate well the

probabilities defined in the virtual line. The probability of STi+1

can be written out as

STi+1 = P

{
(bi empty) ∧ {(mi down) ∨ (mi starved)}∧

{(mi+1 up) ∧ (mi+1 not blocked)}
}

where ∨ denotes the “or” condition. The event (mi down) ∨
(mi starved) implies (mf

i down): One can see this in the equal-
ity (1 − ei) + ŜTi = (1 − efi ) obtained from (26) and (28).
Further, the event (bi empty) ∧ {(mi down) ∨ (mi starved)} ∧
(mi+1 blocked) is null because it implies mi+1 blocked and
starved simultaneously, which is not possible in the flow model
of production lines. Thus, we can rewrite STi+1 as

STi+1 ≈ P
{
(bi empty) ∧ (mf

i down) ∧ (mi+1 up)
}
.

Clearly, this supports STi+1 can be considered by the probability
in line consisted of mf

i , bi, and mi+1.
The probability P i

0,00 in (60) is defined as

P i
0,00 = P

{
(bi empty) ∧ {(mi down) ∨ (mi starved)}∧

{(mi+1 down) ∨ (mi+1 blocked)}
}
.

But using similar argument as for STi+1, it reduces to

P i
0,00 ≈ P

{
(bi empty) ∧ (mf

i down) ∧ (mi+1down)
}
.

Thus, STi+1 and P i
0,00 are the probabilities measured in the

actual production line with M > 2, but approximate the proba-
bilities that are defined in the virtual two-machine line consisting
of mf

i and mi+1. This justifies (60). Finally, we can calculate
STi+1 from the log ofmi+1. We can also calculateP i

0,00 from the
log of mi+1 by measuring the event (bi empty) ∧ (mi+1 down).

Next, we derive an approximation for λ
f
i in (47). Contrary

to P agg,i
0,00 , a direct evaluation of P agg,i

0,11 from the log of mi+1 is

possible. We approximate P agg,i
0,11 by P i

0,11 defined as

P i
0,11 = P

{
(bi empty) ∧ {(mi up) ∧ (mi not starved)}∧
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{(mi+1 up) ∧ (mi+1 not blocked)}
}
.

Note that the event (mi+1 blocked) and the event
(bi empty) ∧ (mi up) ∧ (mi not starved) may not simultane-
ously occur. Thus

P i
0,11 ≈ P

{
(bi empty) ∧ (mf

i up) ∧ (mb
i+1 up)

}
= P agg,i

0,11 .

(61)
The forward aggregation parameter λ

f
i is obtained by (47) where

P agg,i
0,11 is replaced by P i

0,11. The value of P i
0,11 is obtained from

the log of mi+1 in the following manner:

P i
0,11 = P{(bi empty) ∧ (mi+1 up) ∧ (mi+1 not blocked)}
− STi+1.

This is because the event (bi empty) ∧ {(mi+1 up) ∧
(mi+1 not blocked) consists of two exclusive events
(mi up) ∧ (mi not starved) and (mi down) ∨ (mi starved).
The probability of the first of the two is P i

0,11 and that of the
second is STi+1.

Similarly, we have

μb
i ≈

BLi−1

P i−1
Ni−1,00

λi−1 − μi−1 (62)

where

P i−1
Ni−1,00 = P

{
(bi−1 full) ∧ {(mi−1 down) ∨ (mi−1 starved)}

∧ {(mi down) ∨ (mi blocked)}
}

and λb
i is from (49) with

P agg,i−1
Ni−1,11 ≈ P i−1

Ni−1,11 (63)

where

P i−1
Ni−1,11 = P

{
(bi−1 full) ∧ {(mi−1 up) ∧ (mi−1 not starved)}

∧ {(mi up) ∧ (mi not blocked)}
}
.

With the approximations (60)–(63), all the forward and back-
ward parameters μf

i , λ
f
i , μb

i , and λb
i are obtained from the

logs of both sides of the unknown machines mi−1 and mi+1

(i = 2, 3, . . . ,M − 1). Items 2) and 3) of Theorem 4 are also
obtained using (60)–(63).

VI. ACCURACY OF ESTIMATION ON SYNCHRONOUS

EXPONENTIAL LINES

Discrete event simulations are carried out using 500 randomly
generated production lines, respectively, for each one of M =
5, 10, 15, and 20. The total of 2000 different production lines
are considered. Machine parameters and buffer capacities are
randomly generated by ei ∈ [0.75, 0.95], μi ∈ [0.2, 0.4], λi =
1−ei
ei

μi, and Ni ∈ [2, 5]. The data from the first 5000 downs
are discarded to avoid the effect of transient. The data from the

TABLE III
FREQUENCY FOR ESTIMATION ERROR IN SYNCHRONOUS EXPONENTIAL LINE

subsequent 50 000 downs are used to evaluate STi, BLi, P i
0,00,

P i
0,11, P i

Ni,00, P i
Ni,11, and PR.

Three metrics for the accuracy are defined by

ελ =
|λi − λ̂i|

λi
, εμ =

|μi − μ̂i|
μi

, εe =
|ei − êi|

ei
(64)

where êi = μ̂i/(λ̂i + μ̂i). The total of 25 000 values [25 000 =
500 lines times (5+10+15+20 machines per lines)] are obtained
for each of the three metrics, respectively, from the simulations.
Additionally, we define

εPR =
|PRs − PRi|

PRs
(65)

where PRs is the production rate obtained by the simulation, and
PRi is the production rate obtained by aggregating the line with
mi being unknown.

The results are shown in Table III. It turns out that the average
of 25 000 values of ελ is 0.7376, the average of εμ is 0.151, that
of εe is 0.0996, and that of εPR is 0.0365. All except the first
exhibits accuracy less than about 15%. However, the accuracy
for λ is poor. This might be because the sensitivity of λ on
PR is much lower than that of μ as long as e is reasonably
high (ei ∈ [0.75, 0.95]). For εPR, in addition to the average, its
distribution is looked at. It turns out that εPR < 0.05 for 98.36%
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TABLE IV
ACCURACY OF BNM IDENTIFICATION WITH UNKNOWN

EXPONENTIAL MACHINE

of the M = 5 cases, 93.98% for M = 10, 84.69% for M = 15,
and 71.02% for M = 20, which also indicates that the models
with estimated parameters are well validated.

Next, we analyze the accuracy of BNm identification. The
BNm is defined as the machine that has the largest value of
∂PR/∂μi. We discrete-event simulate 500 different lines with
M = 5 to evaluate the accuracy of BNm identification when
a machine is unknown. The BNm is identified by numerically
evaluating the partial derivative. The results are presented in
Table IV. The BNm identification using the indirect estimation
is as accurate as the case in which all machines are known. It is
only 3% less than the known case.

VII. CONCLUSION

We developed a data-driven method that indirectly estimates
the unknown machine’s reliability parameter from the data of
neighboring machines. Reliability characteristics considered in
this work are the Bernoulli reliability model for discrete systems
and the exponential reliability for continuous systems. As future
work, methods of autonomously detecting unknown machines
may be considered as other ingredients to realize smart pro-
duction systems. Then, data-driven autonomous update of the
production system model, along with the indirect estimation
method developed in this work, becomes closer to the reality.
Obviously, the results of this work may contribute to increase
the resiliency of the smart production systems for the situation
when automated logging devices of some machines fail.

APPENDIX

Proof of Theorem 1: We prove that (11) has only one solution
in the range 0 < x < 1. The function Q(x, y,N1) is continuous
and strictly decreasing in x and takes values on (0,1) for any 0 <
y < 1 and positive integer N1[13]. Also, it is straightforward to
show that Q(x, y,N1) satisfies

lim
x→0

Q(x, y,N) = 1, and lim
x→1

Q(x, y,N) = 0

for any 0 < y < 1 and positive integer N1. The inequality 0 <
ST2 < p2 is always satisfied by the definition of ST2; thus, 0 <
ST2/P2 < 1. Therefore, there is only one valid solution that
satisfies (11).

In the case that m2 is an unknown machine, the proof is also
in the same manner. �

Proof of Theorem 2: Equation (13) comes from (6). Un-
knowns in (13) are pbi , pfi , and pbi+1. To obtain pbi , Theorem

1 is adopted to virtual two-machine line with mf
i−1, mb

i , and

bi−1: pbi is the unique solutions of the following equations in x

Q(x, pfi−1, Ni−1) =
BLf

i−1

pfi−1

(66)

where BLf
i−1 is the blockage probability of mf

i−1. pfi−1 can be
calculated from (5) and (6). The right side of (66) can be changed
as shown in (15) using (4) and (9).

Similar argument is applied to obtain pfi with virtual two-
machine line with mf

i , mb
i+1, and bi.

When i = M , the boundary condition of recursive aggrega-
tion procedure pbM = pM is used. Thus, solving (66) in x leads
to indirect estimation of pM . The indirect estimation of pf1 can
be similar to the boundary condition pf1 = p1. �

Proof of Theorem 3: The following relationship is defined
in [13]:

ST2

P0,00
=

μ1 + μ2

λ2
,

ST2

P0,11
=

λ1 + λ2

μ1
,

BL1

PN,00
=

μ1 + μ2

λ1
,

BL1

PN,11
=

λ1 + λ2

μ2
.

With these relationships, we can derive Theorem 3. �
Proof of Theorem 4: We can obtain (44), (45), (54), and (55)

from (26), (28), (29), and (31).
Consider the production line with two virtual machines mf

i

and mb
i+1. Theorem 3 is used to derive the aggregation param-

eters as follows:

μf
i =

STagg
i+1

P agg,i
0,00

λb
i+1 − μb

i+1 (67)

λ
f
i =

STagg
i+1

P agg,i
0,11

μf
i − λb

i+1 (68)

where i = 2, 3, . . . ,M − 1, and STagg
i+1 is the starvation proba-

bility of mb
i+1 defined as

STagg
i+1 = ebi+1Q(λf

i , μ
f
i , λ

b
i+1, μ

b
i+1, Ni) (69)

by the definition of starvation (24) for M = 2 line.
We can calculate Q(λf

i , μ
f
i , λ

b
i+1, μ

b
i+1, Ni) using (35) as

follows:

Q(λf
i , μ

f
i , λ

b
i+1, μ

b
i+1, Ni) =

ŜTi+1

ei+1
. (70)

Thus, STagg
i+1 can be replaced with

ebi+1

ei+1
STi+1.

Similar explanation for mf
i can be used to derive backward

parameters (48) and (49), and the first and the last machine’s
parameters (56)–(59).

With (70) and the results of the aggregation procedure (26)–
(31), (50)–(53) can be obtained. �

REFERENCES

[1] A. Sanders, C. Elangeswaran, and J. Wulfsberg, “Industry 4.0 implies lean
manufacturing: Research activities in industry 4.0 function as enablers for
lean manufacturing,” J. Ind. Eng. Manage., vol. 9, no. 3, pp. 811–833,
2016.

Authorized licensed use limited to: DGIST. Downloaded on July 18,2022 at 07:50:01 UTC from IEEE Xplore.  Restrictions apply. 



6546 IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 18, NO. 10, OCTOBER 2022

[2] Y. Wang and L. Li, “Time-of-use based electricity demand response for
sustainable manufacturing systems,” Energy, vol. 63, no. 15, pp. 233–244,
Dec. 2013.

[3] J. Wan, M. Yi, D. Li, C. Zhang, S. Wang, and K. Zhou, “Mobile services
for customization manufacturing systems: An example of industry 4.0,”
IEEE Access, vol. 4, pp. 8977–8986, 2016.

[4] Y. Zhang, Z. Guo, J. Lv, and Y. Liu, “A framework for smart production-
logistics systems based on CPS and industrial IoT,” IEEE Trans. Ind.
Informat., vol. 14, no. 9, pp. 4019–4032, Sep. 2018.

[5] D. Hästbacka et al., “Dynamic edge and cloud service integration for
industrial IoT and production monitoring applications of industrial cyber-
physical systems,” IEEE Trans. Ind. Informat., vol. 18 no. 1, pp. 498–508,
Jan. 2022.

[6] E. Lima, R. Bayot, P. Brito, N. Rodrigues, B. Ribeiro, and N. Lopes,
“Business analytical framework for the manufacturing industry,” in Proc.
IEEE 19th Int. Conf. Ind. Informat., 2021, pp. 1–8.

[7] B. Otto et al., “Reference architecture model for the indus-
trial data space,” Fraunhofer, Munich, Germany, Tech. Rep., 2017,
doi: 10.13140/RG.2.2.17352.11529.

[8] Á. A. Alonso, J. M. Pozo, F. Cantera, De la Vega, and J. J. Hierro, “In-
dustrial data space architecture implementation using FIWARE,” Sensors,
vol. 18, no. 7, 2018, Art. no. 2226.

[9] M. T. Telsang, Industrial Engineering and Production Management. New
Delhi, India: S. Chand, 2006.

[10] A. Bonci, M. Pirani, and S. Longhi, “Tiny cyber-physical systems for
performance improvement in the factory of the future,” IEEE Trans. Ind.
Informat., vol. 15, no. 3, pp. 1598–1608, Mar. 2019.

[11] P. Alavian, Y. Eun, S. M. Meerkov, and L. Zhang, “Smart production
systems: Automating decision-making in manufacturing environment,”
Int. J. Prod. Res., vol. 58, no. 3, pp. 828–845, 2020.

[12] Z. Ye, Z. Cai, S. Si, S. Zhang, and H. Yang, “Competing failure modeling
for performance analysis of automated manufacturing systems with serial
structures and imperfect quality inspection,” IEEE Trans. Ind. Informat.,
vol. 16, no. 10, pp. 6476–6486, Oct. 2020.

[13] J. Li and S. M. Meerkov, Production Systems Engineering. Cham,
Switzerland: Springer, 2008.

[14] P. Alavian, Y. Eun, K. Liu, S. M. Meerkov, and L. Zhang, “The
(α, β)-precise estimates of MTBF and MTTR: Definition, calculation,
and observation time,” IEEE Trans. Automat. Sci. Eng., vol. 18, no. 3,
pp. 1469–1477, Jul. 2021.

[15] Y. Sun, T. Zhu, L. Zhang, and P. Denno, “Parameter identification for
bernoulli serial production line model,” IEEE Trans. Automat. Sci. Eng.,
vol. 18, no. 4, pp. 2115–2127, Oct. 2021.

[16] Y. Won, S. Kim, K.-J. Park, and Y. Eun, “Continuous productivity improve-
ment using IoE data for fault monitoring: An automotive parts production
line case study,” Sensors, vol. 21, no. 21, 2021, Art. no. 7366.

[17] J. Arinez, S. Biller, S. M. Meerkov, and L. Zhang, “Quality/Quantity
improvement in an automotive paint shop: A case study,” IEEE Trans.
Automat. Sci. Eng., vol. 7, no, 4, pp. 755–761, Oct. 2010.

[18] J. Li, “Continuous improvement at toyota manufacturing plant: Appli-
cations of production systems engineering methods,” Int. J. Prod. Res.,
vol. 51, no. 23/24, pp. 7235–7249, 2013.

[19] Z. Jia, L. Zhang, J. Arinez, and G. Xiao, “Finite production run-based serial
lines with Bernoulli machines: Performance analysis, bottleneck, and case
study,” IEEE Trans. Automat. Sci. Eng., vol. 13, no. 1, pp. 134–148,
Jan. 2016.

[20] X. Xie and J. Li, “Modeling analysis and continuous improvement of food
production systems: A case study at a meat shaving and packaging line,”
J. Food Eng., vol. 113, no. 2, pp. 344–350, Nov. 2012.

Seunghyeon Kim received the B.S. degree
from the School of Undergraduate Studies,
Daegu Gyeongbuk Institute of Science and
Technology, Daegu, South Korea, in 2018,
where he is currently working toward the Ph.D.
degree in electrical engineering and computer
science.

His research interests include smart pro-
duction systems, data-driven control, and net-
worked control system.

Yuchang Won (Student Member, IEEE) re-
ceived the B.E. degree in computer engineering
from Gachon University, Seongnam, South Ko-
rea, in 2014, and the M.S. and Ph.D. degrees
in information and communication engineering
from the Daegu Gyeongbuk Institute of Science
and Technology, Daegu, South Korea, in 2016
and 2022, respectively.

He is currently a Senior Engineer with
SEMES, Hwaseong, South Korea. His current
research interests include production systems

engineering, digital twin, digital transformation, and automated material
handling system.

Kyung-Joon Park (Senior Member, IEEE) re-
ceived the B.S. and M.S. degrees in electri-
cal engineering and the Ph.D. degree in elec-
trical engineering and computer science from
Seoul National University, Seoul, South Korea,
in 1998, 2000, and 2005, respectively.

From 2005 to 2006, he was a Senior Engi-
neer with Samsung Electronics, Suwon, South
Korea. From 2006 to 2010, he was a Post-
doctoral Research Associate with the Depart-
ment of Computer Science, University of Illinois

at Urbana-Champaign, IL, USA. He is currently a Professor with the
Department of Electrical Engineering and Computer Science, Daegu
Gyeongbuk Institute of Science and Technology, Daegu, South Korea.
His research interests include cyber–physical systems and industrial
communications.

Yongsoon Eun (Senior Member, IEEE) re-
ceived the B.A. degree in mathematics and the
B.S. and M.S.E. degrees in control and instru-
mentation engineering from Seoul National Uni-
versity, Seoul, South Korea, in 1992, 1994, and
1997, respectively, and the Ph.D. degree in elec-
trical engineering and computer science from
the University of Michigan, Ann Arbor, MI, USA,
in 2003.

From 2003 to 2012, he was a Research Sci-
entist with Xerox Innovation Group, Webster,

NY, USA, where he worked on technologies in the xerographic marking
process and production inkjet printers. Since 2012, he has been with
the Daegu Gyeongbuk Institute of Science and Technology (DGIST),
Daegu, South Korea, and is currently a Professor with the Department
of Electrical Engineering and Computer Science and also the Direc-
tor of DGIST Resilient Cyber-Physical Systems Research Center. His
research interests include control systems with nonlinear sensors and
actuators, control of quadrotors, communication network, Industry 4.0
production systems, railroad vehicle platooning, and resilient cyber–
physical systems.

Authorized licensed use limited to: DGIST. Downloaded on July 18,2022 at 07:50:01 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.13140/RG.2.2.17352.11529


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


