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Abstract

With the advent of the Industry 4.0 era, the manufacturing industry is implementing a range
of novel technologies on the factory floor, leading to the generation of substantial quantities
of production data. However, the development of analytics tools capable of processing
these data and extracting valuable information for decision-making and production control
lags behind. In addition, a noticeable amount of raw data collected from the factory
floor is prone to errors, especially in small- and medium-sized manufacturing plants, and
their processing often requires a laborious data cleaning process due to the limitations
of the sensors and the noisy environment of the manufacturing facilities. This presents a
challenge in utilizing factory floor production data effectively. This paper addresses the
challenge by focusing on the parts flow data, which reflects the number of parts in each
buffer as a function of time in a production system. In particular, we study the parts flow
data in discrete-time serial production line models, assuming that the data are subject to
random noise, and develop effective and robust algorithms that can effectively detect and
correct errors in these data. To improve the computational efficiency for complex cases
(longer lines, higher error rates, etc.), a decomposition-based approach is used to parallelize
the computation procedure at implementation. Numerical experiments demonstrate that
the proposed methods can enhance data quality by more than 40% and improve the
accuracy of system performance metrics estimation by over 50% using corrected data.
These improvements can facilitate more reliable process monitoring and production control
in manufacturing environments.

Keywords: Industry 4.0; smart manufacturing; production lines; error correction;
data quality

1. Introduction

Industry 4.0, also known as the fourth industrial revolution, marks a major shift in
the manufacturing area, where digital technologies are integrated into industrial processes,
facilitated by the widespread connectivity of the Internet. The concept of Industry 4.0
was initially introduced by the German government in 2011 [1], with the objective of
leading the development of “smart factories” that utilize the power of interconnected
cyber-physical systems. At the core of the Industry 4.0 paradigm is the convergence of
cutting-edge technologies, which include networked physical systems, Internet of Things
(IoT) devices, cloud computing infrastructure, artificial intelligence (Al), and advanced
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data analytics [2]. This integration revolutionizes manufacturing operations, enabling
unprecedented levels of real-time data collection, analysis, and decision-making. Within
the Industry 4.0 framework, Smart Manufacturing emerges as a manufacturing regime
for the foreseeable future, powered by the development of sophisticated automation and
control systems [3]. These systems enable factories to operate autonomously, adapt to
changing conditions, and continuously optimize performance. By utilizing sensors and
connection technologies, smart factories can accumulate comprehensive time series datasets
that encompass a wide range of factors, such as the status of equipment, manufacturing
processes, and metrics related to product quality along with time. Such time series data
holds immense potential to improve product quality, increase efficiency, and simplify
supply chain management, as discussed by [4].

While high accuracy sensing and automated data-collection mechanisms are com-
monly deployed in the infrastructure of modern, large manufacturing plants (e.g., in
automotive, semiconductor industries), numerous small and medium-sized manufacturers
(SMMs) lag behind in adopting new technologies in their production practice due to space,
personnel, and cost challenges. In SMM plants, even when good quality sensors would
be deployed, aging equipment, limited floor space, retrofitted sensor installations, and
suboptimal layouts may frequently lead to erroneous data. Additionally, due to cost con-
straints, sensors used in these manufacturers are often of low-resolution or lack redundancy,
making them more susceptible to errors caused by environmental factors such as vibration
or lighting changes. Indeed, while vast amount of production systems research results
have seen applications in real manufacturing practices, most were targeted as large-scale
mass manufacturing systems. For the limited number of applications reported at SMMs,
they typically required dedicated personnel to manually perform on-site time studies for
extended period. Moreover, such studies require recording uptime and downtime of each
production operation. This may be challenging and highly case-dependent in production
systems of SMMs, which often involve a great portion of manual labor in the production
process. We started addressing this issue by proposing to only use parts flow data (buffer
occupancy) to accomplish the identification of the mathematical model parameters for a
production system (see [5-7] for more details) due to the fact that part counting is much
more straightforward and easier to standardize (than defining uptime and downtime for
various kinds of production operations in different manufacturing applications). We view
this as a path to enable easier construction of production system mathematical models for
SMMs and to facilitate adoption of more advanced techniques of system optimization and
control. The current paper is intended to address the potential data quality issues that
the above-mentioned parts flow data-based production system modeling approach may
encounter, especially in systems of SMMs. Specifically, rather than simply assuming that
the manufacturers can easily replace/upgrade sensors, we aim to maximize the utility of
data, which are collected in a potentially non-ideal environment or by non-ideal devices,
by identifying and correcting errors algorithmically, thereby enabling higher data accuracy
for subsequent analysis and decision-making. Our approach complements sensor-level
improvements and offers a cost-effective and scalable alternative, particularly suited to the
needs of small and medium-sized manufacturers.

Parts flow data, a key form of time series data on the factory floor, plays a vital role in
monitoring, controlling, and optimizing manufacturing systems. However, this data is often
affected by measurement errors caused by sensor limitations and environmental changes.
The reliable detection and correction of these errors are critical to ensuring accurate system
behavior and supporting data-driven decision-making. Despite its significance, this topic
remains relatively underexplored in current research. At the system level, Jin et al. proposed
a data fusion method for quality-related sensor data using a principal component regression
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model to correct systematic biases in multivariate parts flow records, and Mhada et al. also
contributed valuable insights by examining how unreliable inspections can misrepresent
part positions and movements, ultimately distorting flow information (for comprehensive
reviews, see [8,9]). Complementing these efforts, Ref. [10] provided a comprehensive
review of statistical process monitoring in the presence of measurement errors, highlighting
how such errors can distort control charts and lead to false alarms. Based on this, Ref. [11]
introduced an enhanced p-control chart that incorporates error correction mechanisms
for small-sample datasets affected by false records or misclassification. Their approach
modifies the exponentially weighted moving average (EWMA) method to adaptively
adjust control limits, thereby enhancing robustness against sensor-induced errors. In
addition to control chart enhancements, various statistical and model-based techniques
have been employed to address errors in parts flow data. Kalman filtering and moving
average smoothing are frequently used to mitigate high-frequency fluctuations, while
rule-based approaches flag errors based on physical constraints, such as negative inventory
or buffer capacity exceeding. More recent developments include predictive noise correction
pipelines, such as the framework proposed by [12], which identifies invalid or missing
readings and imputes likely values using feature selection and a Random Forest model.
Similarly, Ref. [13] identified common error types, such as stuck-at-zero, bias, and outliers,
and recommend advanced strategies like autoencoder-based error detection and hybrid
data fusion to improve data reliability in complex manufacturing environments.

The literature review indicates that few studies have focused on error detection and
correction specifically for discrete parts flow data in manufacturing systems, where opera-
tional constraints define nonlinear relationships between variables. Moreover, traditional
methods such as Kalman filtering or smoothing are designed for continuous-valued data
and are not directly applicable to integer-valued, constraint-driven production flows. This
gap highlights the lack of algorithms that leverage operational constraints in discrete time-
series data. To address it, we develop computational algorithms to detect and correct
errors for serial production lines. The proposed methods are validated through numerical
simulations, demonstrating their effectiveness in enhancing the accuracy and reliability of
production system monitoring and analysis.

To evaluate performance, we use both Bernoulli and geometric reliability models to gen-
erate parts flow data and apply several noise models to simulate realistic measurement errors
observed in small and medium-sized factories. The proposed algorithms are tested on both
two-workstation and multi-workstation lines, with performance evaluated by improvements
in the estimation accuracy of system metrics (production rate and work-in-process).

The main contributions of this paper are as follows:

*  We propose error detection criteria to flag suspicious part flow data entries that may
potentially contain errors. For two-workstation lines, we develop a data-block-based
correction approach that involves constructing data blocks and enumerating valid
combinations under data integrity constraints to minimize required modifications. For
multi-workstation lines, we introduce a two-stage decomposition-and-aggregation-
based correction method to manage the increased complexity effectively.

¢ Our error detection and correction framework offers a practical solution to reliable
utilization of parts flow sensor data in small and medium-sized manufacturing en-
vironments without requiring high-precision sensor setup or costly data fusion tech-
nologies. The computational load is lightweight and can be handled by affordable
computing resources.

e  From a practical perspective, the proposed method supports intuitive and accessible
modeling of part flow data. It simplifies error analysis and correction, making it usable
by practitioners without deep theoretical or statistical expertise.
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The remainder of the paper is structured as follows: Section 2 introduces the serial
production line model, defines notations, and formulates the problems addressed in the
paper. Sections 3, 4.1 and 4.2 present the proposed methods for error detection and correction
in parts flow data for two- and multi-workstation serial lines, respectively, along with their
computational implementation and numerical experiments to assess their performance.
Finally, Section 6 summarizes the conclusions and highlights potential future work.

2. Problem Formulation
2.1. Model Assumptions

Consider a serial production line consisting of M workstations, either automated or
operated manually, interconnected by M — 1 intermediate buffers, as illustrated in Figure 1.
The notation used in this section is summarized in Table 1. Each buffer is equipped with
a sensor that continuously records the number of parts present, producing a time series
of parts flow data. These sensors are used solely for data acquisition and do not influence
production decisions such as starvation or blockage events. As noted in [5-7], such data
can provide valuable insights for estimating the parameters of mathematical production
system models. In practice, parts flow monitoring can be implemented using a variety of
sensing modalities, including photoelectric sensors, weight sensors, camera sensors, etc.
However, due to technical limitations of the sensors and noise in an SMM environment, the
recorded measurements frequently exhibit inaccuracies or noise, making the true system
state only partially observable. Consequently, the collected data must be preprocessed
to remove inconsistencies, correct erroneous values, and enhance overall data quality for
subsequent analysis.

Table 1. Glossary of symbols used in the model.

Symbol Description

M Total number of workstations in the production line
T Cycle time of workstations
N; Capacity of Buffer i

(n)  Operational status of Workstation i during time slot n

si(n)  Number of parts processed by Workstation i during time slot n
hi(n)  Number of parts in Buffer i during time slot n
hi(n)

i(n Number of parts in Buffer i at the end of time slot n
PR Average number of parts produced by the last workstation per cycle time
WIP;  Average number of parts contained in the i-th in-process buffer
T Total observation time period (e.g., an hour, shift, day, or week)
2 . & & S . o
W [®) [ D[ ,y:%.o\y—\.
. Work SO, Work Work QIQIQ Work .
Raw materials Sla(]ion wBuﬂ"cr 1 Ma‘;ﬂﬂ S‘;‘:-,(],“ ﬂBuﬁcr M-1 ,(a/::lo“ Finished goods

Figure 1. Serial production line with M workstations.

To formally model system operations, we assume the following:

1.  All workstations operate with a common cycle time 7, and the system is viewed in
discrete time with slot length .
2. Bulffer i can store up to N; parts.

w

Workstations may experience random, unscheduled downtime.
4. Workstation i becomes starved if it is up during a time slot but Buffer i — 1 is empty at
the beginning of the time slot. Workstation 1 is always supplied with raw material.
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5. Workstation i becomes blocked if it is up during a time slot but Buffer i is already
full and Workstation i 4 1 is unavailable. Workstation M never becomes blocked by
downstream inventory.

6.  When operational and neither blocked nor starved, a workstation processes one part
from its upstream buffer (or raw material source for Workstation 1) and deposits the
processed part into its downstream buffer (or finished goods storage for Workstation
M) at the end of the time slot.

Remarks: Serial production lines of this type have been extensively investigated in
the production systems literature (e.g., [14-17]). In this study, we use both Bernoulli [18]
and geometric [19] reliability models to generate synthetic parts flow data for numerical
experiments. These two reliability models reflect different operational characteristics:
Bernoulli reliability is well suited for assembly-type systems where workstation downtime
are short relative to the cycle time, whereas geometric reliability is more appropriate for
operations where downtime are significantly longer. The resulting simulated data serve as
the basis for developing and testing the error detection and correction algorithms proposed
in this paper. Extensions to continuous-time models and other system structures, such as
assembly lines, will be pursued in future research.

2.2. System State Evolution and Performance Metrics Calculation

A serial production line with multi-workstations, defined by assumptions (1)-(6) , can
be described as a discrete-time stochastic process. Based on the system model assumptions,
the parts flow of a buffer may change at the beginning or at the end of a time slot. Specifi-
cally, at the beginning of a time slot, the downstream workstation may remove a part from
a (non-empty) buffer if the workstation is up and not blocked. At the end of a time slot, the
upstream workstation may release a new part into its outgoing buffer if the workstation is
up and not starved. Therefore, when evaluating the work-in-process or the parts flow of a
buffer, two measurements are possible depending on the timing:

e Jij(n): the number of parts in Buffer i during time slot 7, i.e., after the workstations
have picked up parts from upstream buffers (or raw material supply) and started
processing them.

e h;(n): the number of parts in Buffer i at the end of time slot 1, i.e., after the workstations
have completed processing parts and routed them to the downstream buffers (or
finished goods inventory).

Lets;(n) € {0,1} denote the number of parts processed by Workstation i during time
slot n. Then, we obtain Equations (1)—(3).

s1(n) = hy(n) — hy(n), 1)
si(n) = hi(n) —hi(n) =hi_qy(n —1) —hi_y(n), i=2,...,M—1, (2)
sm(n) = hp—1(n—1) = hy—1(n). 3)

In the analysis of production systems, two performance indicators are of central
interest: the production rate (PR), or throughput, and the work-in-process (WIP). These
quantities provide a quantitative summary of how effectively material flows through the
line and how much inventory accumulates within the buffers. When observing the system
over a time horizon of length T, the long-run average production rate can be expressed as
the mean number of completed parts released by Workstation M. Using the buffer-level
dynamics derived earlier, this quantity is computed as Equation (4).
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1 T T

T Y sm(n) Z [hp—1(n—1) = hy—q1(n)]. 4)
n=1 n=1

Similarly, the average work-in-process of Buffer i over the observation horizon T is given

by Equation (5).

_ 1 L
WIPir = = Y hi(n). ®)
n=1

2.3. Problem Addressed

In this paper, we assume that sensors are installed throughout the system to monitor
the parts flow. Specifically, each buffer occupancy sensor records the parts flow data both
during a cycle time (to measure /;(n)) and at the end of a cycle time (to measure k;(1)).
Let i (n) and h!"(n) denote the measured parts flow by the sensors. This leads to a table
(matrix) of the measured data in Equation (6).

7:1’1”(1) lj’M_l(l) hi'(1) Iy, (1)
Ry oo RBMmo(2)  KM(2) .- KR (2

2 — 1:( ) M,:l( ) 1:( ) M,:l( ) ' ©
RYT) e BT (T) WM(T) .-+ hZ_(T)

Based on the measured parts flow data, the corresponding system performance metrics
can be estimated using Equations (7) and (8).

PRY = 3 30 (a0 = 1) = Wy (), )

T
Z (8)

ﬁMﬂ

1
T

WIP; 1 =

~3\H

Note that it is possible to show that measuring just the s;(n) data during system
operations is not sufficient to determine WIP’s. In other words, parts flow measurements
of buffers still must be taken. In this paper, we assume that workstation production data
si(n)’s are not directly measured and only parts flow in the buffers, 1;(n)’s and h;(n)’s, are
measured, which can be further used to infer s;(n)’s based on Equations (1)—(3). It should
also be noted that collecting more data usually leads to higher redundancy, which, in turn,
can help the process of cleaning the raw data and improving the data quality. However, this
also increases the cost of implementation and the complexity of the data cleaning process.
In future work, we will study the cases, where multiple types of sensor data are used for
performance monitoring and model parameter identification.

As discussed above, measurements obtained from sensors in SMM production envi-
ronments are often unreliable because of device limitations and the presence of substantial
noise. Consequently, the recorded values may not accurately reflect the true parts flow.
Before such data can be used for analysis, a preprocessing stage is typically required to
enhance data quality, which involves detecting and correcting erroneous or inconsistent en-
tries. To assess how these measurement errors influence the estimation of parts flow-related
performance metrics, we examine several noise models.

Noise Model 1

In this noise model, each measurement differs from the true parts flow value with proba-
bility g. When an error occurs, the sensor outputs a value selected uniformly at random
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from the feasible set {O, 1,..., NZ-} that is not equal to the true value. The corresponding
theoretical formulations are provided in Equations (9)-(11).

PL (1) # () [fs(n)] = PR (n) £ hy() ()] = g, ©)
P[ﬁ:ﬂ(m:km;ﬂ(n)#ﬁi(n)}:%i, k # Tiu(n), (10)
PIR (n) = Kl () # ()] = 2y Kk # (). an

1

Noise Model 2

In the second noise model, the measured buffer occupancy is different from the true data,
again, with probability g. However, in the event of an error, the sensor may produce
a random value from the feasible range {0,1,..., N;} following a triangle distribution,
whose functions are given in Equations (12) and (13). Figure 2 illustrates an example of the
probability distribution defined by Noise Model 2.

P[R"(n) # hi(n)|hi(n)] = PR (n) # (( )|k k)( W) =4,
q 17 ’“. _
[ 2h(( )] (N;— hz(”) =0,
i 7 7 ﬁ—l_ k>fzin,0<fzin < N;,
PR (n) = kIR (n) # y(n)]) = § [N ]2 ( >~ (n) (12)
T k<), 0 <i(n) <N;
h e , hi(n) = N;.
i(n)(N;—1)
2q(N;—k
[Nz_}Zz((;\l])](]]{\%i—l)’ l( ) =0,
4, k > h: 0 hi N;,
Pl (n) = k| (n) # hi(n)] = { P JefmlN=2) > hi(n),0 < hij(n) < N; .
RN k< hi(n),0 < hi(n) <N,
h(n)2(z\l—1)' hi(n) = N;
100
80+
= 607
=

A 40 +

20

0123456 78 910
k

Figure 2. Example of probability distribution of h}" (1) under Noise Model 2 (;(1) = 4, N; = 10).

These error models represent some typical situations in practice, where the measure-
ment is susceptible to environmental noise, such as variable lighting conditions that may
affect a camera sensor. Additionally, these models can be applied when the precise nature
of the error is unknown. Additional experiments with three alternative noise models are
provided in Appendix A.

It is clear that errrors in the raw data can directly affect the estimated performance
metrics, as reflected in the measured performance metrics given in Equations (7) and (8).
These inaccuracies could potentially undermine the effectiveness of production control
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and decision-making processes, ultimately leading to reduced system efficiency. In this

paper, we address these issues arising from the production system model described by

assumptions (1)—(6) and the parts flow measurement model outlined in Equations (9)—(13).

Specifically, we aim to tackle the following problems:

e Data error detection: Given the parts flow measurement dataset H™, determine
if erroneous entries are present in the data (i.e., if there exist n and i such that
1 (n) # hi(n) or b (n) # hi(n));

¢ Data error correction: Identify the locations of the errors in the parts flow measurement
data and correct them to obtain the corrected dataset H™*, where

S : : :
R(T) oo B (T) RP(T) - REE(T)

3. Two-Workstation Case

As mentioned above, for the case of two-workstation serial lines, preliminary results
on the criteria and algorithms for error detection, identification, and correction have been
developed in our prior work [20]. To keep the current paper self-contained and since the
two-workstation line results are the foundation for the multi-workstation line case to be
discussed in Sections 4.1 and 4.2, here we provide an overview of the key results from [20].
Two-workstation Error Detection Criteria (TEDC) [20]:

e Ifs?(n) ¢ {0,1}, then an error exists in 1™ (1) or ™ (n) or both.
o Ifs¥(n) ¢ {0,1}, then an error exists in k™ (n — 1) or 1™ (n) or both.

Note that TEDC presents a sufficient condition of the existence of data errors but not
necessary. In other words, some errors may not be identified by these criteria, and the
criteria alone are insufficient to determine which specific data entry is erroneous.

To identify and correct errors in the parts flow data, we observe that the measured
dataset can be organized as a table in which each row n corresponds to the measurements
collected at time slot n (see Figure 3 for an illustration). Note that, however, since this
table may vary in sizes, it could be computationally challenging or even intractable to
perform data correction on the entire table directly. Therefore, we propose an approach to
decompose the entire data table into a number of data blocks and perform data correction
within each individual block separately. This may reduce the computational burden and
also enable parallel computing to accelerate the solution process. In this dataset, we define
a data block (sb, eb), denoted DBy, ., as the collection of rows between indices sb and eb.
Here, sb and eb serve as the starting and ending boundary rows, marking the portion of the
data in which errors are suspected while providing reliable reference points on both sides.
These boundary rows are identified using the criteria specified in Equations (14) and (15).

*  Starting boundary row: sb corresponds to a row in the data table satisfying Equation (14).

s'(sb—1) and sh'(sb — 1) € {0,1},
s{*(sb) and s3'(sb) € {0,1}, (14)
sf'(sb+1) orsy(sb+1) & {0,1}.

¢ Ending boundary row: eb corresponds to a row in the data table satisfying Equation (15).

si'(eb —2) orsi(eb —2) ¢ {0,1},
si'(eb —1) and s5'(eb — 1) € {0,1}, (15)
si'(eb) and s%'(eb) € {0,1}.
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Timeslotn | sT'(n) | A™(n) | A™(n) | sy*'(n)
Starting
boundary row 50 1 4 5 0
N [ Ay ST, DU e, S [ R S R L
. 51 1 4 5 1|
|
| 52 [ 4 | 1 5 [ 4 | !
|
53 0 4 4 1 I
'DB
! e 0 5 s [ ]|
| 55 0 5 5 0 :
|
56 0 4 4 1 |
.1
Ending '~ - - == e sie e e i 5 o0 |
boundary row
58 0 4 4 1
59 1 3 4 1
Starting 60 1 3 4 1
boundary row o1 | = | s 3 | = |

Figure 3. Illustration of data block construction with boundary rows.

As one can see, these conditions are set based on the presence of consistent binary
values in the inferred parts flow data (on the machines), which indicate error-free behavior.
The starting boundary row is located just before the data begins to deviate from this binary
pattern, while the ending boundary row is placed where the data returns to a consistent
binary state. In the computational implementation, the data table is scanned row-by-row,
from the beginning, for Equation (14). Once it is met, the row being inspected is marked as
the starting boundary row of a new data block. Next, the subsequent rows are scanned for
Equation (15). Once this condition is met, it is marked as the ending boundary row of the
current data block and the algorithm returns to the scan for the starting boundary row of
the next data block. This process is repeated until all rows of the data table are scanned.
The starting and ending boundary rows, thus identified, will result in a number of data
blocks covering different portions of the entire dataset.

This approach ensures that each data block targeted for correction is bounded by
trustworthy data, enabling more accurate estimation and reducing computational burden by
limiting the correction scope to localized regions rather than the entire dataset. It is worth
noting that Equations (14) and (15) imply that some rows may not be included in any of the
constructed data blocks when they contain no entries flagged as questionable by TEDC.

To illustrate the construction of a data block, consider the section of parts flow and
workstation production data shown in Figure 3. In this example, rows 51 and 56 conform
with the definitions of starting boundary rows and ending boundary rows, thus, forming
a data block denoted as DBs;s¢. Notably, TEDC flags s}*(52) = 4, s5'(52) = 4, and
s5'(54) = —1 as erroneous data since they fall outside the feasible set of {0,1}. It then
follows from TEDC, error may be present in h™(51), h"™(52), h™(52), k™ (53), and/or
h"(54). As a result, other s!"’s and sJ'’s in this data block may be also subject to errors
contained in the questionable parts flow data and will be involved in the data correction
process to be described next.

Moving from row 56 down to row 61, the workstation production data s{"’s and s3'’s
all fall within their feasible set {0,1}. Then, this is violated in row 61, where s}*(61) = —2
and s5'(61) = —1, which makes its previous row, row 60, the starting boundary row of a
new data block. Scanning each row of the data table and continuing this procedure will
result in a number of data blocks that cover all questionable data entries marked by TEDC.
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It should be noted that the data block construction and subsequent error correction
process rely solely on the binary processing status of the workstation (i.e., whether it
processed a part or not), which remains consistent regardless of the workstation reliability
model, Bernoulli, geometric, or otherwise. While the choice of reliability model affects the
generation of parts flow data and consequently influences the frequency and distribution
of binary values (0 s and 1 s) in the deduced production status, our method is designed to
operate independent of the underlying reliability models of the workstations and based
only on the inferred binary characteristics of workstation activity.

Based on the data blocks, the Two-workstation Error Correction Algorithm (TECA)
for parts flow data in two-workstation serial lines is summarized in the pseudo-code in our
prior work [20].

4. Multi-Workstation Case
4.1. Error Detection Criteria

In this section, we extend the error detection criteria of two-workstation lines (TEDC)
to multi-workstation cases (MEDC).

For multi-workstation lines, the workstation production status of each time slot can be
estimated based on the parts flow data similar to the two-workstation case. Specifically,
for Workstation 1 and Workstation M, the expressions in Equations (1) and (3) take the
measurement-based forms shown in Equations (16) and (17).

s'(n) = hY'(n) — I (n), (16)

il
sy(n) =hyy_q(n—1) = Iy 4 (n). (17)

For internal workstations, w;, i = 2,..., M — 1, since each of them is connected with

two buffers, we can estimate its production status from either its upstream buffer, denoted
as s (n), or its downstream bulffer, denoted as s/%, (1) in Equations (18) and (19).

sfa(n) = hy (n —1) — B4 (n), (18)

m Wh(n) —h"(n), i=2,...,M—1 (19)

To detect potential errors in the data, we first confirm whether the deduced values of
st'(n), iy (n), st (n), ..., syy(n) comply with the system constraints. If they do not, error
detection criteria are designed.

Multi-workstation Error Detection Criteria (MEDC):

e Ifs!(n) ¢ {0,1}, then error is potentially present in h}"(n) or h!*(n) or both.

e Ifs/(n) or slfflz(n) ¢ {0,1} or s%(n) # si5(n), then error is potentially present in
R (n—1), k" (n), h}'(n), and h}"(n) or a subset of them. )

o Ifs{y(n) ¢ {0,1}, then error is potentially present in k% ;(n — 1) or hlf; _;(n) or both.
Similar to TEDC in the two-workstation case, MEDC can be used to identify suspicious

parts flow data entries that may potentially contain errors.

4.2. Error Correction Process

MEDC encounters the challenge of accurately identifying data entries that actu-
ally contain errors. In addition, an exhaustive search for all potential error correc-
tion options throughout the entire dataset would be excessively complex and time-
consuming. Therefore, for systems with multiple workstations and buffers, we propose a
decomposition/aggregation-based approach to overcome these challenges. The steps of
this method are illustrated in the flow chart of Figure 4. Each of them is outlined below.
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Figure 4. Decomposition/aggregation-based data correction method for M-workstation serial lines.

Data preparation

In the first step, the parts flow data, k! (1) and fz;-”(n), n=1,...,T, are collected, and the
workstation production data, s{'(n), STJ-, i=1,...,M,j=1,2, and s}(n), are calculated
based on Equations (16)—(19).

Preliminary correction

In this step of the error correction process, we decompose the M-workstation line into
M — 1 two-workstation-line subsystems. This is illustrated in Figure 5. For each resulting
two-workstation line, a sub-dataset is constructed that contains the parts flow data from
the buffer belonging to this subsystem, and the workstation production data is calculated
based on this buffer’s parts flow data. Specifically, for the two-workstation-line subsystem
with Workstation 1, Workstation 2 and Bulffer 1, the sub-dataset consists of entries of s/’ (n),
i (n), W'(n), and sy (n); for the two-workstation-line subsystem with Workstation i,
Workstation i + 1 and Bufferi,i = 2,..., M — 2, the sub-dataset consists of entries of s?fz(n),
i (n), K(n), and s, | (n); for the two-workstation-line subsystem with Workstation

i+1,1
M — 1, Workstation M and Buffer M — 1, the sub-dataset consists of entries of s7;_, 2(n),

by (n), Yy (n), and s} (n).

e RSB S R BN SR ) e
SO pp) sgym) S AR s /S by MO

siz () M) A () sita,0 () shi-12() hjf_y (n) A4 (n) sit ()

my my m; Miy1 my-1 mm
by b; by-1

Figure 5. Decomposition of M-workstation line into two-workstation-line subsystems.

With the above decomposition, we treat each two-workstation-line subsystem inde-
pendently in this step and apply TECA to each sub-dataset constructed above. Note that
preliminary correction is intended to identify and correct the errors in the parts flow data
entries locally, i.e., within each two-workstation-line subsystem.

Upon completion of the preliminary correction, the workstation production data,
si'(n), s}y (n), s?(n), and s}y (1), are guaranteed to be within their feasible range of {0,1}.
However, since the corrections are performed locally and for given i, s} (1) and s, (n)
belong to the datasets of different subsystems, inconsistency between them may still exist
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after preliminary correction. This potential problem will be addressed in the next step,
integrated correction.

Integrated correction

In this step, we aggregate the two-workstation-line subsystems from the preliminary
correction back into the original M-workstation serial line structure. An integrated dataset
for the whole M-workstation-line system is constructed by merging the TECA-corrected
sub-datasets from preliminary correction. An illustration is given in Figure 6 for an M = 3-
workstation line case. In this illustration, the data of {s¥'(n), k! (n), hi*(n), sy (n)} and
{s5(n), Ryt (n), k3 (n), s (n)} are obtained from subsystems m1-by-my and my-by-m3 from
the previous step, as shown in Figure 6.

my m, m, ms
b, b,
Timeslot | sT'(n) | AP(n) | AT'() | sPy(n) Time slot | s7%(n) | hP(n) | h3(®m) | s¥'m)
1 1 0 1 0 1 0 0 0 0
2 0 0 0 1 2 1 0 1 0
3 1 0 1 0 3 1 0 1 1

Timeslotn | sT'(n) | Af'(n) | hi'(m) | sTi(0) | s3o(m) | AF(n) | k¥ (n) | s¥(m)
Starting
boundary row 80 1 3 4 0 0 5 5 0
. 81 1 3 4 1 1 4 5 1 |
! 82 1 4 5 Lo 1| 5 6 0 !
i 83 0 4 4 1 1 6 7 0 |
DB,
T e 0 3 3 1 0 6 6 T
! 85 1 2 3 1 0 6 6 o |
1 86 1 2 3 1 1 6 7 0o |
1 1
o 87 1 2 3 1 1 7 8 0o |
E“d"‘g""’""s:? """ 0o | 373 T T 0o | 77 T[T 1]
boundary row
Starti 89 1 2 3 1 1 6 7 1
tarting 90 1 2 3 1 1 6 7 1
boundary row
91 0 2 2 L1 0| 7 7 0

Figure 6. Illustration of dataset merging and boundary row identification for integrated correction.

Now, to identify and correct the errors in the merged dataset comprised of multiple
workstations and multiple buffers, the data-block-based method described in Section 3 is
extended to the Multi-workstation Error Correction Algorithm (MECA). In this case, the
data table is partitioned into blocks using the starting and ending boundary rows specified
based on MEDC. Specifically, if the data entries in two consecutive rows sb — 1 and sb
satisfy the consistency constraint (20).

spa (1) = sip(n). (20)

’

foralli € {2,...,M — 1}, and the entries in the subsequent row sb + 1 fails to meet the
above constraint for at least one i € {2,..., M — 1}, then row sb is designated as the starting
boundary row of a data block. Then, starting from row sb and scanning the data in each row
that follows sb, if the data entries in row eb — 2 do not satisfy consistency constraint (20)
for at least one i € {2,..., M — 1}, but the entries in the subsequent two consecutive rows
eb—1landebdoforalli € {2,..., M — 1}, then row eb is identified as the ending boundary
row of this data block.

To illustrate the construction of a data block, consider again the parts flow and worksta-
tion production data after the preliminary correction, as depicted in Figure 6. In this example,
row 81 is first identified as the starting boundary row of a data block since the data entries in
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rows 80 and 81 all pass constraint (20) but row 82 has entries violating (20) (s3'; (82) # s, (82)).
The next several rows either have entries violating constraint (20) (rows 82, 84, 85) or are
immediately followed by a row with data violating (20) (row 83 passes MEDC but row 84
fails), until rows 86 and 87, where (20) is met for two consecutive rows, which makes row 87
the ending boundary of this data block. The data blocks, thus obtained, should encompass a
great portion of the data set but does not necessarily cover the entire dataset. For the example
shown in Figure 6, rows 88 and 89 do not belong to any data blocks.

With the data blocks constructed, the identification and correction of erroneous data
entries will be performed within each individual data block. Note that it follows from
Equations (1)—(3) that the parts flow and workstation production data variables of an
M-workstation serial line satisfy Equations (21) and (22).

hi(n) —hi(n+k) = £5_j[siv1(n +x) = si(n + x))], (21)

hi(n) = hi(n+k) = Ty _yg[sia1 (n +2) = si(n+x 1)),

22
i=12,....M—landnk=1,2,.... 2)

The measured data should follow the same relationships. Thus, for a given data block
with starting boundary row sb and ending boundary row eb, the above Equations (21) and (22)
can be rewritten as Equations (23) and (24).

' (sb+ k) = h*(sb) — Yk, s 1 (sb+1) — st (sb+1)], (23)

R (sb + k) = h"(sb) — Tf_, s (sb+1) —s(sb+1—1)],

24
i=12,....M—landk=1,2,...,eb—sb—1. @)

Using Equations (23) and (24), one can trial different combinations of workstation pro-
duction data, s (n)’s, calculate the corresponding parts flow data, 1" (1) and h*(n), and
determine the combinations of workstation production data that are most likely to represent
the true data. However, due to a greater amount of data entries in the multi-workstation
case, it is computationally infeasible to replicate the TECA approach and enumerate all
valid combinations of workstation production data. Therefore, a procedure is developed to
only inspect a select set of the most suspicious combinations of workstation production
status to ensure a manageable computing burden. Specifically, for the data block with
starting and ending boundary rows sb and eb, let A, denote the set of workstation
production data within the data block that will be trialed in Equations (23) and (24). Then,

e For Workstation7,i = 2,..., M — 1, s"(n) is selected into Agj, o if

- sii(n) # sfy(n), or
spi(n) = sy (n) but sl (n —1) # sih(n—1);

*  For Workstation 1, s{"(n) is selected into Ay, 0, if s5' (1) is selected into Agp, p;
*  For Workstation M, s} (n) is selected into Ay, 0, if s7;_; (1) is selected into Agj ¢

Following this procedure, the s"(1) data entries not selected into Ay, are assumed to be
error-free and will remain unchanged during the data correction process. As a result, a total
of 214sberl combinations of workstation production status will be tested (with each data entry
taking a value of either 0 or 1) to identify potential erroneous data entries, as opposed to
2M(eb=sb=1) combinations if all workstation production data were to be enumerated. For each
of the combinations examined, Equations (23) and (24) are used to calculate the corresponding
parts flow data 1" (n) and i (n). If the resulting h!" (1) and i (n) are within their feasible
ranges {0,1,..., N;}, then the algorithm proceeds to calculate the number of data entries
modified compared with the original measured parts flow data. The combination with the

minimal number of modified entries is output as the final corrected dataset.
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Figure 7 shows an example of the above data entry selection procedure for a five-
workstation line. In this example, for the data block bounded by row 35 and row 40, incon-
sistency is observed between s’ (38) and 7, (38), s3'; (36) and 55, (36), sy, (36) and s, (36),
s31(37) and si,(37), and sj; (38) and sj’,(38), which are indicated by the red boxes in the
figure. They lead to s3'(38), s5'(36), s}’ (36), s} (37), and s}’ (38) to be selected into Ass 49 for
calculation in Equations (23) and (24). Then, s3'(39), s5'(37) and s}*(39) are also selected into
Ags 49 since s5'(38), s5'(36) and s}*(38) are selected due to inconsistency observed (indicated
by purple arrows). Finally, s{*(38), s1"(39), s2'(36), s2'(37), s2'(38), and sZ'(39) are selected
into Ags 49 since s3'(38), s3'(39), s3'(36), s4'(37), sj'(38), and s}'(39) have all been selected
(indicated by orange arrows). The resulting Agzs 49 consists of 14 workstation production
data entries out of the 20 total in the data block—reducing the computation burden for this
data block to only 1.56% of the total enumeration approach. The entire process of MECA for
integrated correction is provided as a pseudo-code of Algorithm 1.

Algorithm 1: Multi-workstation Error Correction Algorithm (MECA)
Input: Measured parts flow data ™
Output: Corrected parts flow data H™*
1 Initialization: H™* + H™
2 Calculate [s1"(n),s5'; (n),855(n), - -+ ,shy 1 1(n), 851 ,(n),s3;(n)] based on
Equations (16) and (17)
3 ldentify starting and ending boundary rows based on Equation (20)

4 Form data blocks

5 for each block DB(sb, eb) do

6 Identify data entries s (1) in Ag e

7 Set s (n) = 0 for all the elements in Ag,
s | ot < 2(M—1)T

9 for k <— 0 to |Agp .| do

10 for each k-combination of the elements in A o, do

11 Set s"(n) = 1 for all elements in the k-combination and s}" (1) = 0 for
the remaining elements in Agp, 0,

12 Calculate /" (1) and h!" (1) based on Equations (23) and (24)

13 if 0 < h"(n),h"(n) < N; foralli € {1,...,M — 1} then

14 Calculate the number of modified entries, ct

15 if ct < ct* then

16 hi (n) < h"(n)

17 W™ (n) < hi*(n)

18 ct* < ct

19 end

20 end

21 end

22 end

23 end
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Timeslotn | sT'(n) | s3y(n) | s3o(m) | s3q(m) | s3o(m) | siqy(m) | sih(n) | sg(n)

Starting

boundary row 34 1 0 0 0 0 0 0 0
p--AJ--34__L_ L _._.0__|__0__.__0 _._0._J_ _0____0_ _L_J0__. L
. N 35 1 1 1 1 1 1 1 L
\ 36 1 0 o [[o 1_J|[ o L= o0 |
| DB3s540 37 1 1 1 1 1 1 0 0 |
| 38 0 @[ 0 1| o 0 1 0 1|
: 39 1 1 ¥ 1 1 1 1 o |
! 40 1 0 0 1 1 0 0 (N

Ending - - —f' ------------------------------------------------- M

boundary row

Figure 7. Illustration of selecting data entries in a data block to be examined during integrated correction.

5. Numerical Experiments
5.1. Error Detection

To justify the performance of the error detection criteria, TEDC and MEDC, a simulation
study is carried out. Specifically, we generated 1000 serial lines with workstations following
the Bernoulli reliability model and another 1000 serial lines with workstations following the
geometric reliability model for T = 500 time slots. For the Bernoulli lines, the workstation
efficiency p;’s are randomly and uniformly selected from (0.6,1) and the buffer capacity N;’s
are randomly selected from {3,4, ..., 8}. For the geometric lines, the workstation efficiency e;’s
and repair probabilities R;’s are randomly and uniformly selected from (0.7,1) and (0.1,0.2),
respectively, while the buffer capacity N;’s are randomly selected from {5,6, ...,15}.

To quantify the performance of TEDC/MEDC, we employ the performance metrics
True Positive Rate (TPR), False Positive Rate (FPR), and Accuracy (ACC), commonly used
in binary classification, given in Equations (25)—(27).

TP
TPR = o5 FN @5)
FP
FPR = ————— 2
FP+ TN’ (26)
TP+ TN
ACC = TP+ TN+ FP+FN’ 27)

where TP (true positive) and FN (false negative) represent the number of actual erroneous
entries marked by TEDC/MEDC and the number of undetected erroneous entries, respectively.
FP (false positive) and TN (true negative) denote the number of actual true entries falsely
marked by TEDC/MEDC and the number of actual true entries remaining. TP + TN + FP +
FN is the total number of data entries. These metrics are calculated based on the numerical
experiment results and their average values are summarized in Tables 2 and 3.

These results also provide insight into the sensitivity of the error detection criteria with
respect to g and M. As one can see, TEDC and MEDC are intended to be relatively conservative
measures. On average, TEDC can detect over 80% of erroneous data entries while maintaining
a relatively low FPR (10-30%). In contrast, MEDC achieves a higher detection rate of 96%,
but at the cost of a potentially higher FPR (30-50%). The overall accuracy declines as the error
rate g increases due to the conservative nature of the criteria, indicating that the criteria are
more sensitive to the error rate than to the number of workstations.

To assess the statistical significance of the observed differences in detection performance,
a two-way ANOVA is conducted with g and M as factors. The resulting F-statistics, p-values,
and partial 7% values are summarized in Tables 4 and 5 for Noise Models 1 and 2, respectively.
The results indicate that both 4 and M have statistically significant effects on the performance
metrics (p-value < 0.001), with M showing a dominant influence on all three indicators. The
interaction between g and M is also significant, though with smaller partial 7. The statistical
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results demonstrate that the observed differences are robust and that the proposed detection
criteria maintain stable and reliable performance across various scales and noise levels.

Table 2. Performances of data error detection (Noise Model 1).

Bernoulli Line Model Geometric Line Model
q 0.05 0.1 0.15 0.2 0.05 0.1 0.15 0.2

TPR  86.82% 87.64% 88.51% 89.16% 91.16% 91.97% 92.76% 93.36%
M=2 FPR 780% 1527% 2246% 29.30% 855% 16.75% 24.57% 31.98%
ACC  91.95% 85.03% 79.17% 74.33% 91.44% 84.11% 77.99% 73.00%

TPR  99.43% 98.99% 98.65% 98.35% 99.85% 99.73% 99.69% 99.61%
M=3 FPR 17.08% 31.86% 44.44% 54.97% 17.72% 32.85% 45.82% 56.55%
ACC  83.73% 71.16% 61.88% 55.45% 83.14% 70.34% 60.88% 54.41%

TPR  99.74% 99.45% 99.24% 99.08% 99.93% 99.88% 99.82% 99.80%
M=5 FPR 2143% 3881% 5253% 63.30% 21.79% 39.44% 53.38% 64.61%
ACC  79.60% 64.94% 55.06% 48.85% 79.28% 64.42% 54.11% 48.00%

TPR  99.86% 99.72% 99.58% 99.46% 99.97% 99.95% 99.92% 99.89%
M =10 FPR 23.81% 4252% 57.04% 6813% 23.99% 42.96% 57.67% 68.93%
ACC  77.34% 61.60% 51.26% 45.08% 77.18% 61.23% 50.77% 44.51%

Table 3. Performances of data error detection (Noise Model 2).

Bernoulli Line Model Geometric Line Model
q 0.05 0.1 0.15 0.2 0.05 0.1 0.15 0.2

TPR  80.23% 80.49% 80.78% 81.07% 88.65% 89.37% 90.08% 90.64%
M=2 FPR 7.05% 13.73% 20.16% 2640% 8.40% 16.36% 23.98% 31.27%
ACC  92.32% 85.70% 80.00% 75.10% 91.46% 84.22% 78.13% 73.09%

TPR  9897% 9810% 97.17% 96.65% 99.71% 99.44% 99.22% 99.05%
M=3 FPR 1717% 31.75% 44.10% 54.64% 17.75% 33.04% 45.93% 56.71%
ACC  83.64% 71.23% 62.07% 55.57% 83.12% 70.20% 60.80% 54.35%

TPR  99.44% 98.96% 98.48% 98.08% 99.82% 99.68% 99.55% 99.46%
M=5 FPR 21.72% 3887% 52.44% 63.19% 22.02% 39.61% 53.53% 64.71%
ACC  79.34% 64.89% 55.14% 48.97% 79.07% 64.30% 54.35% 48.02%

TPR  99.72% 99.42% 99.09% 98.80% 99.92% 99.83% 99.77% 99.70%
M =10 FPR 2416% 42.74% 57.04% 67.87% 24.34% 43.28% 57.90% 69.15%
ACC  77.03% 61.44% 51.30% 45.33% 76.86% 60.99% 50.66% 44.50%

Table 4. Two-way ANOVA results for the effects of M and g (Noise Model 1).

(a) Bernoulli Line Model

Factor F(dfy,df) p-Value Partial #>  Significance
M F(3,15984) = 15,437 <0.001 0.74 v
q F(3,15984) = 6.57 <0.001 0.01 v
TPR Mxgqg F(9,15984) = 53.69 <0.001 0.03 v
M F(3,15984) =196 x 105 <0.001 0.97 v
q F(3,15984) = 2.87 x 10° <0.001 0.98 v
FPR Mxgq F(9,15984) = 5,990.9 <0.001 0.77 v
M F(3,15984) = 2.49 x 10° < 0.001 0.98 v
q F(3,15984) = 3.12 x 10° <0.001 0.98 v
ACC Mxgq F(9,15984) = 5,035.6 <0.001 0.74 v
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(b) Geometric Line Model
Factor F(dfy,dp) p-Value Partial #>  Significance
M F(3,15984) = 13,018 <0.001 0.71 v
q F(3,15984) = 33.56 <0.001 0.01 v
FPR Mxq F(9,15984) = 60.92 <0.001 0.03 v
M F(3,15984) = 1.93 x 10° <0.001 0.97 v
q F(3,15984) = 3.28 x 10° <0.001 0.98 v
FPR M xq F(9,15984) = 5,725.1 <0.001 0.76 v
M F(3,15984) = 2.41 x 10° <0.001 0.98 v
q F(3,15984) = 3.32 x 10° <0.001 0.98 v
ACC Mxgq F(9,15984) = 4,824.6 <0.001 0.73 v
Table 5. Two-way ANOVA results for the effects of M and g (Noise Model 2).
(a) Bernoulli Line Model
Factor F(dg1,dp) p-Value Partial #>  Significance
M F(3,15984) = 13,419 <0.001 0.72 v
q F(3,15984) = 34.50 <0.001 0.01 v
TPR Mxgq F(9,15984) = 11.86 <0.001 0.01 v
M F(3,15984) = 1.57 x 10° <0.001 0.97 v
q F(3,15984) = 1.92 x 10° <0.001 0.97 v
FPR Mxq F(9,15984) = 4,871 <0.001 0.73 v
M F(3,15984) = 2.26 x 10° <0.001 0.98 v
q F(3,15984) = 2.61 x 10° <0.001 0.98 v
ACC Mxq F(9,15984) = 4,317 <0.001 0.71 v
(b) Geometric Line Model
Factor F(dgy,dp) p-Value Partial 7  Significance
M F(3,15984) = 14,079 <0.001 0.73 v
q F(3,15984) = 46.35 <0.001 0.01 v
TPR Mxqg F(9,15984) = 108.8 <0.001 0.06 v
M F(3,15984) = 2.48 x 10° <0.001 0.98 v
q F(3,15984) = 3.86 x 10° <0.001 0.99 v
FPR Mxgq  F(9,15984) =2,173.8 <0.001 0.55 v
M F(3,15984) = 3.57 x 10° <0.001 0.99 v
q F(3,15984) = 2.75 x 10° <0.001 0.98 v
ACC Mxgq F(9,15984) = 1,753 <0.001 0.50 v

5.2. Error Correction

The efficacy of TECA for two-workstation line models is studied in [20], which shows

that the noises in the parts flow data may lead to large errors in estimating the system

performance metrics PR and WIP, as large as about 20% on average for PR estimation
when g = 0.15 or higher. Then, it was demonstrated that TECA performed effectively in
identifying and correcting the errors and, as a result, substantially increased the estimation
accuracy (dropping the estimation errors to below 5% for PR and below 1% for WIP). It can
also substantially reduce the number of erroneous data entries (by about 60-80%). Even for

those that are still not consistent with the true data after TECA, the deviation of erroneous

data entries from the true ones is at the minimal value 1 in about 95% of cases.
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For multi-workstation lines, to investigate the accuracy of the two-stage decomposition
aggregation-based parts flow data correction method described above, 500 ten-workstation
Bernoulli lines and 500 ten-workstation geometric lines under each noise model are gen-
erated for T = 500 time slots. For the Bernoulli and geometric lines, the workstation
and buffer parameters are randomly selected from the same ranges used in the numerical
experiments in Section 5.1.

For each line, thus constructed, we calculate its average production rate PRt and

work-in-process WIP; r using Equations (7) and (8). Subsequently, we estimate the relative
errors by comparing the measured data before (epr and ey jp) and after (epr+ and ewp+)
the MECA method is applied, as defined in Equations (28)—(31).

PRy — PR
epg = [PRY —PRy| 100%, (28)
PRy
PRT" — PR
Epgr = |PRT_—PRy| 100%, (29)
PRy
e 1 NSWIPE —WIPr| oo (30)
WIP M—1 = N; ’
M1 |WIP;7 — WIP;, 100 a1
eW M Nl 0. ( )

i=1

where PRT " and W;ﬂ; are the performance metrics calculated by the corrected parts flow
data H™* and M = 10 here.

As a comparison, we also include another method, referred to as Deletion Method,
which directly excludes the potentially erroneous data entries marked by MEDC from the
calculation of the system’s performance metrics. In other words, the system performance

metrics, denoted as PR'T”’d and WI P}L’d, are calculated using the remaining data after
deletion of the questionable ones. The underlying assumption of this method is that
removing erroneous data entries eliminates their negative influence without significantly
distorting the overall statistical behavior of the production flow. Although this method is
simple and computationally efficient, it may result in information loss and biased estimates
when the proportion of deleted data is large. The accuracy of these performance metric
estimates is evaluated based on Equations (32) and (33).

—_ d —_
_ |PR7” — PRy o
i = e X 100%, (32)
1 Mo WIRY — WP, L0 33
Wit T M—1 ZE N; s (33)

=1

The results are summarized in Figures 8 and 9, Tables 6 and 7. Similar to the two-
workstation case, the large estimation errors of PR and WIP using the raw data under
two noise models can be greatly reduced after the correction method is applied. For the
geometric line case with g = 0.2, the correction can bring down the average PR estimation
error from almost 30% to just above 6%. For all cases studied, the correction of parts
flow data errors can reduce the PR and WIP estimation errors by over 75% for Noise
Model 1 and by over 50% for Noise Model 2. Moreover, the robustness of the results is
also improved, shown by the whiskers (95% confidence intervals) in Figures 8 and 9. The
Deletion Method not only results in a reduced estimation accuracy for PR and WIP, its
main drawback is the increased data loss with higher values of q. Specifically, the amount
of data discarded grows, peaking at 70% when g = 0.2. This underscores the considerable
constraints of using this elimination-based strategy, especially in a real-time data processing
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environment where the data space is relatively small. As shown in Table Al in Appendix A,
the three additional noise models yield similar results.

50— : : : 20—
L= i
40 HEemm 1 sl e
B L L
B & 10
S20f B
5 L
10
0 0
0.05 0.1 0.15 0.2 0.05 0.1 0.15 0.2
q q
(a) Bernoulli line model
50 ‘ ‘ 20
< [ B
40 E ez 1 15l e
< WIP
S S
— 10+
= _,
5 [ 4
0 M
0.05 0.1 0.15 0.2 0.05 0.1 0.15 0.2
q q

(b) Geometric line model

Figure 8. Errors of PR and WIP estimation before and after deploying the data correction methods to
ten-workstation lines (Noise Model 1).

Table 6. Average estimation error of performance metrics for ten-workstation lines (Noise Model 1).

Bernoulli Line Model Geometric Line Model
q 0.05 0.1 0.15 0.2 0.05 0.1 0.15 0.2
€PR 7.27% 12.67% 19.95% 24.95% 11.65% 17.40% 22.84% 29.26%
€pR* 0.87% 2.48% 3.70% 5.90% 0.52% 1.78% 3.06% 6.22%
€pg’ 2.09% 3.42% 4.84% 6.43% 2.73% 4.28% 6.05% 7.82%
EWTP 1.54% 2.93% 4.36% 5.61% 1.27% 2.32% 3.55% 4.55%
WP 0.40% 0.81% 1.40% 1.68% 0.12% 0.47% 1.07% 1.25%

€wrp 0.61% 0.95% 1.37% 1.67% 0.77% 1.21% 1.65% 2.12%

Table 7. Average estimation error of performance metrics for ten-workstation lines (Noise Model 2).

Bernoulli Line Model Geometric Line Model
q 0.05 0.1 0.15 0.2 0.05 0.1 0.15 0.2
4.57% 7.67% 10.60% 15.27% 8.69% 11.32% 14.02% 17.90%

€PR

€px 1.61% 2.55% 3.20% 4.49% 0.63% 2.06% 3.58% 6.01%
C— 2.17% 3.35% 4.81% 6.16% 2.85% 4.33% 6.19% 7.94%
ERTP 1.23% 2.34% 3.38% 4.21% 0.91% 1.75% 2.51% 3.47%
€D 0.63% 1.04% 1.37% 1.65% 0.16% 0.59% 1.09% 1.53%

€7p! 0.60% 0.93% 1.24% 1.58% 0.79% 1.22% 1.64% 2.16%
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Figure 9. Errors of PR and WIP estimation before and after deploying the data correction methods to
ten-workstation lines (Noise Model 2).

To further illustrate the performance of the MECA method, Figures 10 and 11 show
the average fraction of data entries inconsistent with true ones before (P,) and after (Py+)
correction is applied. Notably, when the error rate g4 is no greater than 0.1, the method
exhibits a substantial reduction in the number of erroneous data entries, ranging from
40% to 70%. As the value of g increases, the extent of reduction becomes less pronounced,
stabilizing at approximately 20% to 40%. However, it is essential to highlight, as depicted
in Figures 10 and 11, that even in those cases, the discrepancy between the corrected data
entries and the true ones is reduced by about 50%, indicating a substantial enhancement in
data quality for multi-workstation production lines.
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(a) Bernoulli line model

Figure 10. Cont.
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Figure 10. Error correction performance and average difference before and after deploying our
method to ten-workstation lines (Noise Model 1).
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Figure 11. Error correction performance and average difference before and after deploying our
method to ten-workstation lines (Noise Model 2).

In addition, Figure 12 reports the proportion of data discarded by the Deletion Method.
As shown, the fraction of data loss increases rapidly with g, reaching more than 70% when
g = 0.2, which further demonstrates the advantage of MECA in preserving data and
avoiding excessive information loss.

In Figure 13, we provide an example to illustrate the efficacy of MECA by viewing
a segment of the parts flow time series data, h (1), over 100 time slots, both before and
after undergoing correction. As one can see from the figure, the raw data (red line) contains
11 erroneous entries, some of which deviate from the true data (green line) due to measure-
ment noise. Upon applying MECA, the corrected data (blue line) and the true data almost
completely overlap, with only 4 erroneous entries remaining, all with minimal deviation.
The correction process effectively mitigates large discrepancies, though it inadvertently
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modifies 2 data entries and fails to detect one erroneous entry. Nonetheless, the overall
improvement in data accuracy is substantial.

100

I 1 0-machine Bernoulli
80 | I 10-machine Geometric

60 1 1
40 1 1
M| *
0
0.05 0.1 0.15 0.2

q

Loss of data (%)

Figure 12. Discarded data entries for multi-workstation lines by Deletion Method.
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Figure 13. Example of Bernoulli production line parts flow data before and after correction
(p =1[0.8,0.6,0.7,0.7,0.8,0.7,0.7,0.8,0.7,0.6], N = [6,5,5,8,8,6,8,8, 6]).

5.3. Computation Implementation

It should be noted that as the parameter g increases, the dataset tends to generate
more erroneous data, leading to a diminishing number of boundary rows. Consequently,
there is a growing likelihood of encountering larger-sized data blocks when executing the
proposed data correction method, especially for the two-workstation-line subsystems in
the preliminary correction stage. The correction process for these larger data blocks may
become notably much more time-consuming compared to their smaller counterparts. To
optimize computational efficiency, parallel processing is first employed for handling the
data blocks in the two-workstation-line subsystems during preliminary correction and the
multi-workstation line during integrated correction, as illustrated in Figure 14. Then, during
its initial implementation for two-workstation-line subsystems, an increase in computing time
was observed for data blocks with 14 rows or larger. Consequently, it is then decided that data
blocks of size no greater than 13 rows are treated as parallel tasks. Threads are thus allocated
until all available threads are engaged to correct errors in each block simultaneously. For a
data block with more than 13 rows, we divide the for-loop within TECA (line 10 to line 28 of
Algorithm 1 pseudo code) into L smaller loops, each treated as a thread in parallel with other
tasks (such as correction of smaller data blocks). Table 8 presents a summary of the average
computing time for two-workstation and ten-workstation production lines under the above
parallel implementation strategy. For each value of g, the computing times are evaluated for
100 Bernoulli lines and 100 geometric lines altogether. The algorithms were programmed in
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C++ and executed on a DELL workstation (Dell Inc., Round Rock, TX, USA) with a 10-core
Intel(R) (Intel Corporation, Santa Clara, CA, USA) Xeon(R) E5-2650 CPU 2.30 GHz processor
having 20 threads allocated for parallel computing and 32 GB of RAM.

| Preliminary correction Integrated correction |

—D{ Block 1

Parallel tasks Parallel tasks

> Blockl H—>

Subsystem 1
data table

Subsystem 1
data table

corrected Buffer 1
parts flow data

measured Buffer 1

parts flow data ! [
—> Block2 >

4.{ Block by Block b, }_.
Inputdata |- ! : Merged data | :——————! ‘| Output data
table : H . table : L table
: : : 1 : ! : > Block3 >
measured parts | * ) . H ) ! ) integrated parts ' 1 o| corrected parts

flow data : ! ' flow data | Vol flowdata

—»{ Block 1 Block 1 }—:—o

Subsystem M-1
data table

Subsystem M-1
data table

[

Loop 2

corrected Buffer M-1
parts flow data

measured Buffer M-1 T,

» 2 '
parts flow data ; :

=" | Block by, }—_.

> Blockb

Figure 14. Parallel computing framework for parts flow data correction in M-workstation serial lines.

Table 8. Computing time using parallel processing.

q 0.05 0.1 0.15 0.2
M=2 0.03s 1.43s 1.36 min 16.13 min
M =10 0.52s 18.09 s 19.68 min 4.03h

Notably, when g is very small, parallel processing has a marginal impact on computing
time, requiring only a few seconds or minutes. However, as g increases, the computing
time experiences a surge, with instances where it extends to about 4 h for ten-workstation
lines when g is 0.2. Figure 15 shows the (average) breakdown of the computing time for this
case (M = 10 and q = 0.2) from numerical experiments. Specifically, preliminary correction
consumes, on average, 3.29 h (about 82% of total computing time). This amounts to about
21.9 min per two-workstation-line subsystem. Integrated correction consumes, on average,
7.3 min (about 3% of total computing time), and other computation overhead uses about
37.4 min (about 15% of total computing time). If, hypothetically speaking, the algorithm
were to be implemented on a 20-core-40-thread CPU with similar ancillary hardware, it is
expected that preliminary correction could be finished in about 2.08 h. This translates to a
time savings of 1.21 h, equating to over 30% reduction in computing time.

® Preliminary correction ™ Integrated correction ™ Other tasks

Figure 15. Computing time breakdown of MECA for serial lines with M = 10 and g = 0.2.
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6. Conclusions and Future Work

In this paper, we present a novel approach to detect and correct errors in the parts
flow data of serial production lines that are subject to measurement noise. To address this
problem in the two-workstation case, we propose and develop an effective data-block-
based algorithm to detect and then correct such data errors. As shown by numerical
experiments, this algorithm can successfully correct most errors and restore data quality
upon completion, leading to improved accuracy in performance metrics estimation.

To extend the data correction approach to multi-workstation cases, a two-stage
decomposition/aggregation-based approach is proposed. Specifically, we first decom-
pose an M-workstation line into M — 1 two-workstation-line subsystems and apply the
developed two-workstation case algorithm to each subsystem. Then, we aggregate the
two-workstation-line subsystems, after preliminary correction, back to the original M-
workstation serial line. Finally, the merged dataset is corrected using a newly developed
algorithm, referred to as MECA during the integrated correction stage. Numerical ex-
periments show that this approach can effectively detect and correct data errors in multi-
workstation production lines.

The results of this work provide a theoretical foundation for reconstructing time
series data with errors in manufacturing applications and contribute to improving data
quality in manufacturing systems. These improvements can support more effective and
accurate production planning, bottleneck identification, and maintenance scheduling in
manufacturing environments. By reducing data-driven uncertainty, the method contributes
to higher operational reliability and lower production costs, providing large benefits for
smart manufacturing systems that rely on accurate data analytics. Future work includes
extending the data detection criteria and data correction algorithms to other production
lines and workstation reliability models such as exponential models. Additionally, we plan
to extend our approach to other noise models and system structures to make it applicable in
a wider range of settings. Moreover, improvement and optimization of the data correction
algorithms will be explored to further improve its accuracy and computational efficiency.
Finally, it should be noted that the results presented in this paper have the potential to be
extended to other engineering applications that have noise-affected, discrete time series
data measurements.
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Appendix A. Other Noise Model Results

To validate the effectiveness and robustness of our method, we have also tested it
under other noise models. The results of a few represented ones are given below:
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Noise Models 3 and 4 extend Models 1 and 2 by allowing the error probability g to
vary as a function of the true parts flow data, as illustrated in Figure A1l. Specifically, these
models capture scenarios where errors are less likely to occur when buffer occupancy is

low, with the error probability decreasing linearly as occupancy decreases. The coefficient
C controls how rapidly the error probability decreases with lower buffer occupancy. A
moderate value ensures that the model reflects realistic sensitivity of sensor errors to
operating conditions, too small a value would make the error probability nearly uniform,
while too large a value would cause unrealistically steep decay. The selected value 0.03
represents a balanced setting.
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Figure Al. Example of probability of measured parts flow deviating from true values under Noise
Model 3 and 4 (N; = 10).
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In Noise Model 5, when an error occurs, the measured value is drawn from a discrete
Laplace distribution centered around the true value. The distribution is scaled by a nor-
malization constant to ensure the total probability sums to 1, as shown in Figure A2. The
coefficient A determines how rapidly the probability decreases with increasing deviation.
A larger causes the exponential term to decay faster, implying that large deviations are
less likely, whereas a smaller results in a heavier-tailed distribution and greater noise
intensity. Here A = 0.5 was chosen to provide a balanced trade-off between concentration
and variability, ensuring that the simulated measurement noise reflects realistic uncertainty
levels observed in discrete manufacturing data.

100

‘- - ‘Scaled Laplace curve‘

80 f
= 607
=

A 40+

207

01 23456738910
k

Figure A2. Example of probability distribution of 4} (1) under Noise Model 5 (;(1) = 4, N; = 10).

The results for these models are summarized in Table Al. Compared with the results
for Noise Models 1 and 2 presented in the main text, Table A1 shows similar trends under
more complex noise models. The large estimation errors of PR and WIP computed from
raw data are reduced after applying the proposed correction method, and the discrepancy
between the corrected and true data entries is also greatly diminished. However, although
Noise Models 3 and 4 are extensions of Models 1 and 2, their error reduction is less
pronounced. This is because the likelihood of errors is lower when buffer occupancy is
small, limiting the number of correctable errors in these settings.

For Noise Model 5, the correction method also achieves notable reductions in the
estimation errors of PR and WIP and in the overall data discrepancy. Nonetheless, since
the sensor is more likely to return values distributed around the true data, it becomes more
difficult to distinguish erroneous entries. As a result, the average fraction of inconsistent
entries after correction (Py+) is higher, because many errors are subtle and closely resemble
the true values.
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Table Al. Average estimation error of performance metrics for ten-workstation lines under other
noise models.

q 0.05 0.1 0.15 0.2 0.05 0.1 0.15 0.2
Bernoulli line (Noise Model 3) Geometric line (Noise Model 3)
€PR 4.75% 10.14% 16.05% 22.26% 7.24% 14.60% 19.33% 27.02%
€pR* 0.33% 1.64% 2.59% 4.06% 0.25% 1.12% 2.54% 5.26%
€pxe 1.56% 2.91% 4.21% 5.77% 2.08% 3.80% 5.37% 7.11%
EWIP 1.12% 2.48% 3.90% 5.26% 0.92% 2.07% 3.27% 4.36%
€Wt 0.14% 0.87% 1.32% 1.67% 0.05% 0.31% 0.79% 1.13%
€t 0.82% 1.06% 1.33% 1.66% 1.42% 1.67% 1.96% 2.37%
Py 3.21% 8.06% 12.93% 17.74% 3.16% 8.02% 12.96% 17.58%
Py 0.70% 4.30% 8.24% 11.07% 0.39% 2.80% 6.32% 10.04%
5 2.65 2.68 2.70 2.71 4.73 4.78 4.79 4.81
5 1.27 1.29 1.31 1.32 1.47 1.51 1.56 1.61
Bernoulli line (Noise Model 4) Geometric line (Noise Model 4)
€pR 3.21% 6.60% 9.08% 14.06% 5.06% 9.41% 13.52% 16.88%
€pR* 0.43% 1.80% 2.71% 4.03% 0.22% 1.40% 3.28% 5.63%
€pxe 1.58% 2.93% 4.36% 5.70% 2.13% 3.82% 5.42% 7.24%
EWIP 0.93% 1.88% 2.98% 4.10% 0.65% 1.43% 2.18% 3.25%
€Wt 0.23% 0.95% 1.50% 1.83% 0.07% 0.43% 0.92% 1.50%
€t 0.88% 1.15% 1.44% 1.80% 1.54% 1.83% 2.18% 2.65%
Py 3.27% 8.20% 13.07% 17.58% 3.24% 8.19% 13.08% 18.05%
Pyx 1.18% 2.80% 6.32% 10.04% 0.58% 3.88% 7.29% 11.58%
5 1.85 1.86 1.86 1.87 3.22 3.24 3.24 3.27
5 1.17 1.21 1.27 1.31 1.39 1.46 1.51 1.60
Bernoulli line (Noise Model 5) Geometric line (Noise Model 5)
€pR 5.75% 10.40% 15.61% 21.44% 6.19% 10.52% 15.91% 21.63%
g 1.90% 2.89% 3.61% 4.72% 2.02% 3.92% 5.30% 7.11%
g 2.13% 3.44% 4.82% 6.60% 2.86% 4.39% 6.16% 7.92%
EWTP 0.95% 1.83% 2.78% 3.80% 0.55% 1.09% 1.54% 2.13%
€Wt 0.59% 1.22% 1.78% 2.32% 0.36% 0.87% 1.16% 1.61%
Tt 0.59% 0.92% 1.24% 1.59% 0.78% 1.21% 1.63% 2.09%
Py 4.97% 9.88% 14.83% 19.82% 4.98% 9.88% 14.84% 19.89%
Py 3.58% 6.82% 9.87% 13.02% 3.33% 6.53% 10.09% 13.88%
5 1.83 1.83 1.84 1.86 2.19 2.20 2.20 2.22
5 1.27 1.29 1.29 1.31 1.48 1.50 1.53 1.55

To verify the robustness, a sensitivity analysis was conducted. As defined in Equa-
tions (A9) and (A10), the relative improvement metrics were used for evaluation. The
corresponding results are presented in Figures A3—A5. For Noise Models 3 and 4, vary-
ing the coefficient C results in only minor changes in the relative improvement for both
Bernoulli and Geometric models, indicating that the method is robust to different decay
rates of the error probability. In Noise Model 5, increasing A leads to a gradual decrease in
the improvement indices, corresponding to reduced noise intensity.
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These results confirm that the improvements demonstrated in the main text are not
limited to specific scenarios. We further evaluated the metrics under various parameter
settings and additional noise models, and consistently observed similar improvements in
estimation accuracy and robustness. These extended experiments reinforce the conclusion
that the proposed correction method generalizes well and is suitable for deployment in
real-world production lines with diverse noise characteristics and system configurations.
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