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Abstract: Bottleneck detection is crucial for optimizing production systems, but many current methods in manufacturing
environments rely on large amounts of process data that are difficult to obtain in real time. This paper explores a novel data-
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data collection requirements.
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1 INTRODUCTION

In modern manufacturing systems, optimizing
production efficiency remains a critical objective for
organizations striving to maintain competitive advantage.
Despite the advancements in automation and data collection
technologies, many manufacturing processes continue to face
significant challenges due to production bottlenecks. These
bottlenecks, often the result of inefficiencies or delays in
certain parts of the production line, can severely impact
overall system performance. The traditional methods for
bottleneck detection typically require large volumes of
detailed data, which, while highly informative, can be
difficult to collect or process in real-time, especially in
complex manufacturing environments. This presents a
fundamental limitation for companies that either lack the
infrastructure to gather such data or require timely insights to
prevent delays.!"

A shift in focus toward more accessible, data-driven
approaches is gaining traction. Minimal Information (MI)
methods, which utilize only essential data points—such as
product IDs, workstation IDs, and station departure
timestamps—offer a promising alternative. The primary
advantage of this approach lies in its ability to simplify the
data requirements without sacrificing the accuracy needed to
effectively detect bottlenecks. Although MI-based models
have seen some application in various contexts, their use for
bottleneck detection in manufacturing systems remains an
under-explored area. Therefore, this study aims to fill this gap
by investigating the potential of MI to offer robust bottleneck
detection capabilities, even in scenarios where data access is

limited. This exploration is particularly relevant to industries
where real-time data collection is constrained or not feasible,
and the need for scalable solutions is urgent.[?!

The central research problem addressed in this study
concerns the feasibility and reliability of using minimal data
to identify production bottlenecks. Specifically, it questions
whether the limited set of data, such as product IDs,
workstation IDs, and timestamps, is sufficient for
constructing an accurate model capable of pinpointing
bottlenecks in a manufacturing environment. While existing
research has explored the use of minimal data in other
contexts, its application for bottleneck detection in
manufacturing systems remains largely unexplored.!

To guide the investigation, the following research
questions are proposed:

RQ1: To what extent can Minimal Information (MI)
effectively reconstruct the production layout and identify
bottleneck points in a manufacturing system?

RQ2: How do different bottleneck detection methods,
such as the Active Period Method (APM) and Queue Period
Method (QPM), perform when applied to MI-based models,
and what are the comparative benefits and limitations of these
methods?

RQ3: What are the key challenges in applying MI for
real-time bottleneck detection, and how can these challenges
be addressed in the modeling process?

These questions not only guide the development of a
new methodology but also seek to assess its real-world
applicability and limitations, particularly in the context of
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sparse data environments.

The primary objective of this research is to introduce a
novel, data-driven approach for bottleneck detection in
manufacturing systems that relies on minimal information.
By focusing on a limited set of key data points—such as
product IDs, workstation IDs, and station departure
timestamps—this model aims to minimize the burden of data
collection while ensuring that bottleneck identification
remains accurate and efficient.™ This shift toward using
minimal data is particularly significant for environments
where comprehensive data collection is not feasible or is
constrained by existing technological infrastructure. In this
sense, the approach not only promises to optimize operational
efficiency but also offers scalability, making it adaptable to
diverse industrial settings.

This study contributes to the field in two significant
ways. First, it proposes a methodology that reduces the need
for extensive data while still providing reliable insights into
bottleneck identification.’®) By constructing a Queue Directed
Graph (QDG) based on minimal information, the
methodology provides a foundation for analyzing production
bottlenecks without overwhelming the system with excessive
data. Second, this paper presents a case study at Bosch
Thermotechnology, applying the proposed methodology to a
complex manufacturing environment. This real-world
example not only illustrates the practical applicability of the
model but also highlights the challenges encountered during
implementation. By doing so, the research emphasizes how
minimal data, if strategically utilized, can reveal underlying
inefficiencies within the production process.

The significance of this research lies in its potential to
revolutionize bottleneck detection in manufacturing systems
by providing a simple yet effective approach that relies on
minimal information. The ability to detect bottlenecks using
only key data points—such as product and workstation IDs
and departure timestamps—presents a scalable solution for
manufacturers with limited access to comprehensive data.
This research opens the door to more flexible, cost-effective
methods of production monitoring, which could lead to
significant improvements in operational efficiency.
Furthermore, the findings contribute to the growing body of
knowledge on how data-driven approaches can be applied in
contexts where full-scale data acquisition is challenging or
impractical.

2 LITERATURE REVIEW

Bottleneck detection has been a fundamental area of
research in manufacturing systems optimization. Identifying
bottlenecks is crucial as they determine the maximum
throughput and efficiency of production processes.
Historically, bottleneck detection relied on comprehensive
and often complex datasets that captured various aspects of
the manufacturing process, such as machine performance,
throughput rates, and worker activities. These methods,
although effective in certain contexts, often demand a large

amount of real-time data, which may not always be readily
available or feasible, especially in smaller-scale or less
automated settings. Moreover, such methods may not be
adaptable to dynamic production environments, where
conditions can fluctuate frequently.

Recent advancements in bottleneck detection have
focused on leveraging more accessible and minimal data,
which can reduce the burden of data collection while
maintaining the accuracy of bottleneck identification. This
shift towards minimal information (MI) approaches, which
utilize basic data points like product IDs, workstation IDs,
and timestamps, offers the potential for broader applicability,
especially in industries with limited access to detailed data.
However, despite the promising nature of these techniques,
the full potential of MI-based bottleneck detection remains
underexplored in the literature, and further studies are
required to refine and validate these approaches in real-world
manufacturing contexts.

Several models have emerged to address these
challenges. One such approach is the use of Queue Directed
Graphs (QDGs) to model production workflows. These
graphs represent the flow of materials through a
manufacturing system, capturing the relationships between
workstations, products, and times, which can then be
analyzed to identify potential bottlenecks. The ability of
QDGs to provide a visual and analytical representation of
production flows makes them particularly useful for
understanding complex manufacturing systems, where
multiple factors contribute to delays.

In addition, models such as the Active Period Method
(APM) and the Queue Period Method (QPM) have been
applied in various studies to quantify bottleneck impacts by
focusing on different operational periods within a production
process. These models offer flexibility in terms of identifying
which stages of the production cycle contribute most
significantly to bottlenecks. However, while APM and QPM
have been applied successfully in specific contexts, the need
for robust methods that can handle sparse and real-time data
remains an unresolved issue in the field. In this regard, Yin
(2025) addresses these challenges through a real-time
bottleneck detection framework that incorporates MI, using
APM and QPM as foundational methods for analysis.[®!

2.1 ACTIVE PERIOD METHODS AND QUEUE
PERIOD METHODS

Active Period Methods (APM) and Queue Period
Methods (QPM) represent two of the most widely applied
techniques for bottleneck detection in manufacturing systems.
Both approaches focus on different phases of the production
cycle to identify when and where congestion occurs. APM
measures the active times when a workstation or process is
actively engaged in production, while QPM focuses on the
queue lengths at various workstations, tracking how long
items remain in a waiting state.
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Despite their widespread use, these methods are not
without limitations. One of the primary challenges is the
assumption that data about queues or active periods is
consistently available, which is often not the case in real-
world manufacturing systems where data sparsity and
irregularity can lead to incomplete or inaccurate analyses.
Sun (2024) suggests that incorporating additional
visualization techniques alongside these models could help
mitigate this issue, providing more actionable insights for
bottleneck detection and allowing for better interpretation of
the data . However, further research is needed to refine these
methods and explore their applicability in dynamic
environments with incomplete data.[”)

Additionally, QPM has been shown to work well in

controlled settings where queue sizes can be easily monitored.

However, its utility is diminished when there is a high degree
of variability in production cycles or when some workstations
do not report data consistently. As discussed by Yin (2025),
this issue can be partially addressed by integrating machine
learning models that can predict queue lengths based on
minimal data inputs . Yet, the success of these integrated
models hinges on their ability to work with sparse data,
making it imperative to continue exploring alternative ways
to enhance the predictive power of QPM.[#!

2.2 MINIMAL INFORMATION FOR BOTTLENECK
DETECTION

Minimal Information (MI) has emerged as a promising
approach for bottleneck detection, particularly in
environments where extensive data collection is either
impractical or impossible. The concept of MI involves using
only the most essential data—such as product IDs,
workstation IDs, and timestamps—to construct a framework
for identifying and addressing bottlenecks. The theoretical
underpinnings of MI-based bottleneck detection are grounded
in the belief that a limited but strategically chosen set of data
can offer meaningful insights into the production process,
especially when combined with advanced data analysis
techniques.

Yin (2025) emphasizes the potential of MI-based
approaches in semiconductor manufacturing, where the
volume of data available for analysis is often
constrained.l’’By leveraging MI, his research has shown that
it is possible to detect and optimize bottlenecks with a
minimal data footprint, thus overcoming some of the
limitations associated with traditional methods that require
extensive data collection . However, the challenge remains in
adapting these methods to more complex, real-world
manufacturing environments, where data may be sparse or
inconsistent.

One of the key contributions of MI approaches is their
ability to reduce the data collection burden, which is
particularly important in industries with high operational
costs and where the infrastructure for detailed data gathering
may be lacking. Further research in this area should explore

how MI can be used in combination with real-time data
streams to enhance bottleneck detection, especially in
environments where production schedules and processes are
subject to frequent changes. To some extent, the integration
of real-time data could help address the issue of data sparsity,
providing a more holistic view of production performance
and facilitating quicker interventions to resolve
bottlenecks.'”

2.3 GAPS IN THE LITERATURE AND FUTURE
RESEARCH DIRECTIONS

While the literature on bottleneck detection has grown
significantly in recent years, several gaps remain that warrant
further exploration. Most notably, there is a lack of
comprehensive studies that combine MI with advanced
machine learning models to predict and optimize bottlenecks
in real-time manufacturing environments. [''Furthermore,
many existing methods, including APM and QPM, rely on
consistent and extensive data inputs, which are not always
available in practical scenarios. This highlights the need for
more research into how MI-based approaches can be
combined with predictive analytics to improve both the
accuracy and reliability of bottleneck detection.

Additionally, while QDGs and queue-based models
have been widely used in theoretical settings, their real-world
applications, particularly in environments characterized by
sparse data or high variability, remain underexplored. ['?IThe
integration of these models with machine learning algorithms,
as suggested by Huang (2025), holds significant promise for
improving the adaptability and scalability of bottleneck
detection systems . However, further studies are needed to
refine these models, address their limitations, and explore
their applicability in diverse industrial settings.['*]

3 METHODOLOGY

This paper outlines the methodology employed to
investigate the feasibility and effectiveness of using Minimal
Information for real-time bottleneck detection in
manufacturing systems. The central premise of this study is
that by leveraging only essential data points—product IDs,
workstation IDs, and departure timestamps—it is possible to
build a model that can reliably identify bottlenecks in the
production process. The methodology is divided into several
key stages, including data collection, construction of the
Queue Directed Graph, and the application of bottleneck
detection methods. These stages are designed to be iterative,
with each stage building on the previous one to ensure that
the final model is both robust and adaptable to real-world
manufacturing environments.['4]

The decision to adopt a MI-based approach stems from
the recognition that, in many manufacturing settings,
collecting exhaustive data for each production process is
neither feasible nor practical. The approach described in this
chapter, therefore, seeks to minimize the data requirements
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while maintaining a high degree of accuracy in identifying
production inefficiencies. Given the constraints of available
data, it is crucial that the methodology is flexible and can
adapt to different production environments where data may
be sparse or irregular.['”]

3.1 DATA COLLECTION

Data collection is the first critical step in the
methodology, as the accuracy of the model depends on the
quality and type of data used. In this study, the data required
for bottleneck detection is minimal, consisting primarily of
product IDs, workstation IDs, and timestamps marking the
departure of products from each workstation. These data
points are often available in manufacturing systems,
particularly in those with automated tracking capabilities.
However, even in environments where data collection is not
fully automated, these basic data points can often be manually
extracted or inferred from other system logs.[!®]

While this minimal data approach significantly reduces
the complexity of data collection, it also introduces potential
challenges related to data completeness and consistency.
["lOne of the primary challenges faced in this study was
ensuring that the timestamps were accurate and that products
could be reliably tracked through the system. In some cases,
missing or incorrect timestamps led to gaps in the data, which
required careful handling. To address these issues, missing
data points were estimated based on neighboring production
cycles or, where necessary, excluded from the analysis to
maintain data integrity.!%]

Further, the accuracy of workstation IDs was also a
critical factor in ensuring that the system could correctly trace
products through the production line. In cases where products
were moved manually or bypassed certain workstations, the
system needed to be able to handle these exceptions. The
methodology proposed here involves a hybrid approach,
using both the available data and expert knowledge to fill in
gaps or adjust for anomalies that might occur due to
production irregularities.!'*’

3.2 QUEUE DIRECTED GRAPH (QDG)
CONSTRUCTION

Once the necessary data points are collected, the next
step involves constructing the Queue Directed Graph (QDG),
which serves as the foundational framework for bottleneck
detection. A QDG is a directed graph where nodes represent
workstations, and edges represent the flow of products
between them. Each node stores information about the
workstation, such as the time products spend at the station,
while each edge stores information about the transitions
between workstations. ")

The construction of the QDG is a multi-step process.
First, the product IDs and workstation IDs are mapped to the
nodes in the graph. The timestamps serve as the edges,
representing the flow of products from one workstation to the

next. The weight of each edge is determined by the time
difference between the departure timestamps of products at
adjacent workstations. This process is iterative, as the QDG
is refined over time based on the accumulation of new data.[?!)

One of the main challenges in constructing the QDG is
dealing with production processes that involve parallel
workstations or rework. In cases where products are
processed simultaneously at multiple workstations, the QDG
must account for these parallel flows without double-
counting the products or artificially inflating bottleneck
measures. To address this, the methodology incorporates a
flexible approach to parallelism, where multiple edges can be
created for a single product flow, depending on the
production configuration.??!

Another challenge faced during QDG construction was
handling cases where products bypass certain workstations
due to production variances. In such cases, the QDG must be
adapted to ensure that the product flow is accurately
represented, even though it does not follow the standard
sequence of workstations. This required a dynamic
adjustment of the graph structure, allowing for missing or
out-of-sequence workstations to be temporarily excluded or
marked as exceptions.?*!

3.3 BOTTLENECK DETECTION METHODS

With the QDG constructed, the next step is to apply
bottleneck detection methods to identify production delays
and inefficiencies. Several methods have been proposed for
bottleneck detection in manufacturing systems, with the two
most commonly used being the Active Period Method (APM)
and the Queue Period Method (QPM). These methods focus
on different aspects of the production process, offering
complementary insights into where bottlenecks may be
occurring.

Active Period Method (APM): This method identifies
bottlenecks by analyzing the periods when workstations are
actively processing products. Workstations with longer active
periods, relative to their total operating time, are more likely
to be bottlenecks. The method is particularly useful in
detecting workstations that are frequently engaged in
processing but experience delays due to limited capacity.?*

Queue Period Method (QPM): In contrast, the QPM
focuses on the length of time that products spend in queues at
various workstations. The longer products spend in a queue,
the more likely it is that the workstation is a bottleneck. The
QPM method is particularly effective in identifying points in
the production process where congestion is building up, as it
tracks the accumulation of products over time. 23]

Both methods are implemented in the model, and the
results from APM and QPM are compared to determine
where bottlenecks occur. By combining these methods, it is
possible to identify both stationary and dynamic bottlenecks,
providing a comprehensive view of production inefficiencies.
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3.4 CHALLENGES AND ADJUSTMENTS IN THE
RESEARCH PROCESS

While the methodology proposed here is based on a
clear theoretical framework, several challenges emerged
during the research process. One significant challenge was
the integration of minimal data into the existing bottleneck
detection models, which often assume access to more detailed
information. To some extent, this limitation was addressed by
adjusting the models to work with the available data, but there
remains uncertainty regarding how well these models
perform in highly dynamic or data-sparse environments.?%]

Another difficulty was related to the real-time
application of the methodology. While the theoretical
framework 1is robust, real-time data streams introduce
additional complexities, such as delays in data transmission
or incomplete datasets due to system failures. Addressing
these issues required the development of a dynamic, adaptive
approach that could accommodate real-time fluctuations and
maintain the integrity of the model’s outputs.!?”)

Furthermore, the reliance on timestamps for flow
analysis introduced challenges in terms of data accuracy. In
many manufacturing environments, timestamps are not
always perfectly aligned, and discrepancies between
workstations can lead to errors in the flow calculations. These
discrepancies were mitigated by using estimation techniques
and expert knowledge to align timestamps where necessary,
but further research is needed to refine these methods for
better accuracy and reliability in real-time applications.[?®!

4 CASE STUDY

The applicability of the proposed methodology for
bottleneck detection using Minimal Information (MI) is
tested through a case study at Bosch Thermotechnology, a
prominent player in the global manufacturing sector. Bosch
operates in a complex environment where production
workflows are intricate, and the need for effective bottleneck
identification is particularly critical to maintain operational
efficiency. This case study aims to assess the feasibility of
applying the MlI-based methodology to a real-world
production system, focusing on its ability to detect
bottlenecks with minimal data. The study was conducted on
a segment of the production line at Bosch Thermotechnology,
involving the manufacturing of heat pumps, an area that often
experiences variability due to high customization in product
configurations and varying production cycles.

This section outlines the specifics of the case study,
including data collection, the application of the Queue
Directed Graph (QDG), and the detection of bottlenecks
using the Active Period Method (APM) and Queue Period
Method (QPM). It also presents the challenges encountered
in implementing the methodology in a real-world
manufacturing setting and the adjustments made to address
these challenges.

4.1 DATA COLLECTION AND PREPARATION

The data collected for this case study consisted of three
key variables: product IDs, workstation IDs, and departure
timestamps. These variables were chosen because they
represent the minimal data points required by the proposed
Ml-based methodology. Bosch  Thermotechnology's
manufacturing system generates this data automatically at
various points in the production process, with each product
being assigned a unique identifier and tracked through
different workstations.

Data preparation involved cleaning and preprocessing
the raw data to ensure consistency and accuracy. One
significant challenge during this stage was ensuring the
accuracy and synchronization of timestamps across different
workstations. In some instances, timestamps recorded at
different stations were slightly out of sync due to network
delays or machine malfunctions, leading to discrepancies in
the product flow. To address this issue, we implemented a
smoothing algorithm that adjusted the timestamps by using
neighboring workstation data. This step was crucial for
maintaining the integrity of the QDG construction, as
misaligned timestamps could result in incorrect flow
calculations, potentially skewing bottleneck detection results.

Another challenge was handling missing data, as
occasional errors in the production system led to incomplete
entries for some products. In such cases, missing data were
imputed based on the average time spent at similar
workstations or, when feasible, by consulting operational logs
for that period. While this approach was not without
limitations, it allowed for the continuation of the analysis and
ensured that the dataset remained sufficiently complete for
meaningful results.

4.2 CONSTRUCTION OF THE QUEUE DIRECTED
GRAPH (QDG)

With the data prepared, the next step was to construct
the Queue Directed Graph, which serves as the foundation for
identifying bottlenecks. The QDG was constructed by
mapping workstation IDs to graph nodes and using departure
timestamps to define the edges representing product flows
between stations. In this case study, the product flow was
largely sequential, with only a few parallel workstations,
allowing the QDG to follow a relatively straightforward
structure. However, there were some instances where
products bypassed certain workstations due to the customized
nature of the production process, requiring dynamic
adjustments to the graph to account for missing nodes.

One of the significant challenges encountered during the
construction of the QDG was the handling of parallel
workstations. Some products were processed simultaneously
at multiple stations, which required careful modeling to avoid
inflating the flow or incorrectly identifying bottlenecks. To
address this, the methodology incorporated a virtual queue
system, where parallel workstations were represented as
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separate nodes connected to a shared virtual edge. This
approach allowed for an accurate representation of product
flows without distorting the analysis.

The QDG also needed to accommodate the fact that
some workstations involved rework or retries. In such cases,
products returned to previous stations, creating feedback
loops in the system. This presented a challenge for
maintaining the accuracy of the QDG, as cycles and feedback
loops could complicate the flow analysis. To resolve this, we
introduced a dynamic re-entry mechanism that allowed
products to be temporarily reassigned to their previous nodes
without disrupting the overall structure of the QDG.

The QDG is represented mathematically by the graph G
= (N, E), where N is the set of nodes (workstations) and E is
the set of edges (transitions between workstations). The
weight of each edge wy; is given by:

Wij=Ti' = Tistart

where:

T;; is the departure timestamp of product p from
workstation i to workstation j,

T; stare 18 the start timestamp at workstation 7.

4.3 BOTTLENECK DETECTION

Once the QDG was constructed, the next step was to
apply the bottleneck detection methods: the Active Period
Method (APM) and the Queue Period Method (QPM). These
methods were selected due to their ability to identify
bottlenecks from different perspectives—APM by focusing
on active processing periods and QPM by analyzing queue
lengths. Both methods were applied in tandem to provide a
comprehensive analysis of potential bottlenecks across the
production line.

Active Period Method (APM): In this case study, the
APM was used to identify workstations with prolonged active
processing periods, which could indicate that the workstation
was struggling to handle the workload efficiently. By
analyzing the frequency and duration of workstation
engagement, we identified several workstations where the
time spent actively processing products exceeded the
threshold typically associated with bottleneck stations. This
initial identification helped pinpoint key areas that warranted
further investigation.

The active processing time A; for workstation iii over a
time  window i  [tstarv tena]  calculated as:

Ai:ZpEP (Zfe[tstart:tend] Tirp (t))

Where T;(P;) is the active processing time for product p
at workstation i during time ¢.

The Active Ratio at workstation i is:

. : A
Active Ratioj;=—"—
Total Time;

Workstations with higher active ratios are considered
potential bottlenecks.

Queue Period Method (QPM): The QPM was applied to
assess the amount of time products spent in queues at various
workstations. The longer products spent in the queue, the
more likely it was that the workstation was a bottleneck.
Through QPM analysis, several workstations were flagged as
potential bottlenecks, particularly where large queues built up
and caused delays in the flow of products. These findings
were consistent with observations made using APM,
indicating that the identified workstations were indeed
experiencing production delays.

The queue time Q; at each workstation i is given by

Qi:ZPEP(quQi tq)

Where tq is the time product p spends in queue at
workstation i, Q; is the queue at workstation i.

The queue length QL; at each workstation iii can be
calculated using a queueing theory model:

QL=

l=
1-p;

A; 1s the arrival rate of products to workstation i
Wjis the average waiting time in the queue,
P, is the utilization factor for workstation i

The application of the MI-based bottleneck detection
methodology to the case study at Bosch Thermotechnology
yielded valuable insights into the production process. The
results confirmed that, even with minimal data, it was
possible to reliably identify bottlenecks using the QDG and
the combination of APM and QPM. In particular, the QDG
provided a clear visualization of the product flow, which
helped pinpoint the workstations causing delays. The
integration of APM and QPM further enhanced the analysis,
providing a comprehensive understanding of both the active
processing times and the queuing behavior at each
workstation.

S CONCLUSION

This study demonstrates the feasibility and
effectiveness of using a Minimal Information (MI) approach
for real-time bottleneck detection in manufacturing systems,
with a case study at Bosch Thermotechnology showing
promising results. By relying on minimal data—product IDs,
workstation IDs, and departure timestamps—this
methodology successfully identifies bottlenecks without the
need for extensive data. However, challenges such as missing
data and the inability to directly analyze underlying causes of
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delays were encountered. Future research could improve real-
time adaptability, integrate predictive analytics, and expand
the methodology to more complex manufacturing
environments. Additionally, incorporating feedback loops
and optimization techniques could enhance its utility, making
it a powerful tool for real-time production flow optimization.
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