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Abstract - The high-quality products are one of the challenges that industries must guarantee, which rapidly develop in terms
of global manufacturing. The quality of the finished product and its degree of functioning, and the customer satisfaction may
all be altered substantially by the changes in the manufacturing cycle. Statistical Process control (SPC) is a method which
incorporates the application of statistical methods in inspecting, regulating and improving industrial processes. The paper
provides a thorough summary of SPC and how it has been used in the manufacturing quality assurance, which is essential in
ensuring that variability in processes is eliminated, to enhance the consistency of the products and this is to reduce waste. The
control charts, Pareto analysis, cause-and-effect, and process capability assessment are the most commonly used SPC tools
that are described and accompanied with the description of how this tool is used in practice. The use of SPC in the practical
implementation of manufacturing industry is also discussed in the paper which illustrates its practical use in making sure that
processes are doing a good job and provide quality compliance. Moreover, the study illustrating the applicability of SPC in a
manufacturing environment and its ability to lead to measurable increase in process capabilities and reduction of defects are
also present. The paper identifies the importance of SPC as one of the keystones in the quality management systems in the
contemporary production.

Keywords - Statistical Process Control, Analysis Manufacturing Systems, Variation Reduction, Industrial Quality
Management, Continuous Improvement.

1. Introduction

The manufacturing has taken a very high level and interrelated form, and it embraces all sorts of production processes,
human skills, and modern equipment to meet the constantly increasing demands of the global economy. The scope of
manufacturing activity has been expanded because of the development of industries and need to compete in the world market,
which resulted in the development of complicated supply chains, decentralized manufacturing locations, and higher standards of
performance. They have also been further aggravated by globalization and the shift of the production base and the reliance on
outsourced manufacturing compelling organisations to persist with high quality requirements despite the geographical
distribution of operations [1]. These changes demonstrate that it is important to have powerful mechanisms that can lead to
consistency, reliability and competitiveness in the new manufacturing environment.

Quality management that is a core pillar of knowledge-based economy and digital economy is the key in terms of meeting
these demands [2]. This is due to the complexity of the quality assurance mechanisms that are needed by the quality of smart,
technology-enhanced products and their reliability as they cover all the manufacturing lifecycle stages. Such systems are
supposed to be integrated with organizational information technology in order to enable real-time decisions and transparency of
the processes as well as continuous enhancement. However, the development and maintenance of software solutions that can be
used to perform such quality-related features remains a continuous issue as the quantity, sophistication, and pace of production
information are ever-increasing [3]. This dynamic environment is the one that demands methodologies that can transform raw
process information into intelligent information.

The Statistical Process Control (SPC) approach is one such essential methodology. Because SPC is a scientific method that
is based on the scientific principles of statistics, it allows manufacturers to track and manage variability of processes to maintain
constant operations that lead to the delivery of compliant products [4]. The evidence-based approach to decision-making leads to
the application of data instead of subjective evaluations, and improves consistency in the outcomes of processes through the
assistance of SPC in place [5]. Achieving control charts, continuous improvement strategies and experimental designs are the
fundamental elements that render SPC effective in providing systematic avenues of identifying deviations, assessing process
capability, in addition to simplifying the performance. The peak of its application in industries is an indication of its
effectiveness in enhancing the quality and competitiveness of the organization.
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The combination of the SPC and IT-based quality assurance systems is increasingly becoming urgent due to the further
introduction of automation, digital platforms, and smart technologies in the manufacturing systems [6]. The modern use of SPC
is founded upon the multi-faceted data collection systems, real-time monitoring structure, and automatic analytics to realize a
more exact and responsive control over the variability in the processes [7]. These advancements extend the horizons of
conventional SPC since it allows tracking process conditions, in great detail, continuously, and distributed production phases [8].
Integrated as part of digital quality management systems, SPC helps pursue the global quality standards, reduce waste, and
reinforce continuous improvement efforts.

1.1. Structure of the Paper

The following is the structure of the paper: the foundations of statistical process control are covered in Section II. SPC
applications in manufacturing industries, section 111. The SPC implementation case study is described in section 1V. Section V
brings the overall conclusion of SPC in Manufacturing Quality Assurance.

2. Fundamentals of Statistical Process Control

The use of statistical approaches to monitor and manage a process to make sure it runs as effectively as possible to generate
a conforming product is known as SPC. In order to produce as much conforming product as possible with the least amount of
waste, a process runs dependably under SPC. Important SPC tools include design trials, control charts, and continuous
improvement [9][10]. In general, there are three methods for using SPC tools.

2.1. SPC software
Its advantages include ease of use, comprehension, and data storage and retrieval. Its drawbacks include operator delays
when inputting data into the system, operator mistakes while entering data, and the inability to create pie or bar charts [11].

2.2. SPC in Excel sheet

It has a rudimentary visual facility and is straightforward and easy to comprehend. Its drawbacks include the incapacity to
accommodate many users, operator mistakes in data entry, and a function that alerts employees when an out-of-specification
value occurs.

2.3. SPC with manual application

It entails utilizing graph paper to manually draw data on control charts. When these technologies are used for the first time,
their benefits are straightforward and excellent. However, when used for the first time in industrial sectors with minimal quality
defect incidences, these are vulnerable to significant constraints.

2.3.1. SPC implementations
As seen in Figure 1, when employing SPC, it's necessary to analyse and discover vital product features that customers appreciate
or relevant process variances. The crucial actions for putting SPC into practice are:
e Identify defined processes
Identify measurable attributes of the process
Characterize natural variation of attributes
Track process variation
If the process is in control, continue to track
If the process is not in control
o ldentify assignable cause
o Remove assignable cause
o Return to ‘Track process variation’
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Figure 1. Steps in SPC implementation

In order to plan for quality control operations, it is necessary to apply the Pareto effect to determine the essential few
processes that regulate manufacturing [12].

2.3.2. Statistical Process Control tools

In practice, reporting on SPC is usually manufacturing on a few processes in the manufacturing industry. Because of this,
SPC has been in charge of formal testing, maintenance, inspections, and personal development. [13]. 7 QC techniques are
straightforward statistical techniques for tackling issues. Quality preceptors like Deming and Juran created these tools. Figure 2
illustrates the seven high-quality instruments that may be used to enhance procedures.

Process Flow Diagram Check Sheet Histogram Pareto Diagram
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Figure 2. The seven SPC tools

e Pareto Chart: The heights of the bars on the Pareto Chart, which bears the name of the Italian economist Pareto, show
the importance or frequency of certain problems. The bars are positioned from left to right in decreasing height order
[14]. This implies that the tall bars on the left reflect categories that are comparably more significant than those on the
right.

e Cause-and-Effect Sheet: It aids in structuring the brainstorming process and arranges and illustrates the relationships
between the many aspects of the impact being studied.

e Scatter Diagram: It is sometimes referred to as a scatter plot or an X-Y graph. A scatter diagram is one way for
exploring the relationships between two variables. The horizontal axis illustrates the independent variable, whereas the
vertical axis represents the dependent variable.

o  Flow Chart: This style of diagram illustrates an algorithm, workflow, or process by linking the stages with arrows and
displaying them as different types of boxes.
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e Histogram: A histogram is a fundamental tool of high quality. It is employed to visually represent and summarize a
process data set's distribution and variance [15]. The frequency of each distinct value in a collection of data is shown in
a frequency distribution. A histogram's primary purpose is to indicate the kind of data being collected.

e Check sheets: These are only data collection charts. Check sheets that are neatly and plainly created help collect
relevant and correct data and make it simple to read and utilize.

e Control Charts: These are graphical tools that SPC and facilitate the identification of out-of-control locations and
processes without the need for complex statistical testing.

3. Applications of Spc in Manufacturing Industries

Statistical Process Control (SPC) helps manufacturing companies improve product quality, process consistency, and
variability. Numerous industrial industries make substantial use of its tools, such as variation monitoring, process capacity
analysis, and control charts. The following section brings to the fore five key areas in which SPC can contribute towards a
better-quality manufacturing [16].

e Manufacturing: In the industrial sector, SPC is widely used to visualise and control the process with the purpose of
boosting product quality [17].

e Healthcare: SPC is widely used in the healthcare industry to track patient development and health [18].

e Service Industry: SPC is being utilised more and more in the service sector to keep an eye on and enhance the calibre of
services offered to clients. Call centers, for instance, can utilize SPC to monitor how many calls their operators handle,
how long it takes to answer client questions, etc.

e Financial Industry: Financial data, including stock prices, interest rates, and currency rates, are monitored and analyzed
by SPC. It assists in finding patterns and trends in the data so that decisions may be made with knowledge.

e Software Development: SPC may be used in software development to keep an eye on and manage software product
quality. It may be used to keep an eye on performance indicators, track errors, and make sure software development
processes are under contro | [19].

e  Supply Chain Management: SPC may be used in supply chain management to track and enhance process and product
quality. It may be used to keep tabs on stock levels, keep an eye on suppliers' performance, and make sure delivery
deadlines are fulfilled.

e Environmental Monitoring: Environmental data, including weather patterns, climate change, and the quality of the air
and water, may be tracked and analyzed using SPC. It assists in finding patterns and trends in the data that may be
utilized to make well-informed choices on environmental laws and regulations.

4. Case Study of Spc Implementation

In implementing 20 samples, each including 30 body length measurements, were gathered using SPC techniques in order to
create X and R control charts. The charts shown in Figure 3 were created using Minitab®. This graphic shows that the x chart has
an out-of-control point [20] [21].

As a result, an alert was set off to establish that it was an uncontrollable process. Following a brainstorming and CEA
analysis session, the quality management team discovered one potential assignable reason that led to the production process for
capsules is becoming unmanageable [22].

This was the abrupt shift in the facility's atmosphere's relative humidity. After an enhanced monitoring policy and room
humidity management were adopted, The x and R control charts were created using a fresh batch of samples. There were no out-
of-control points on the current charts.

As seen in Figure 4, the CUSUM control chart was made using the last batch of samples once more. This graphic shows

that the third sample has an out-of-control point. As a result, the cutting mechanism's repeated screw adjustment was given
more attention, while other possible causes were investigated [23].
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Figure 3. X And R Control Charts at the Beginning of the Implementation of SPC
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Figure 4. CUSUM Control Chart With Out-Of-Control Point

The same process was performed in Phase when there were no alarms, and the cutting process was changed to remove the
requirement for screw adjustment. Furthermore, additional CUSUM control charts were created every week, but there were no
alarms. A 17-week evaluation of the process capacity index (PCI) was conducted.
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Figure 5. Process Capability Output At The Start Of Implementation Of SPC

Figures 5 and 6 depict the process capability output at the beginning of implementation and 17 weeks later. Figure 5 shows
that the process mean (sample mean = 20.5576 mm) is initially off-target. This translates to an anticipated 5218 capsules per
million that have body lengths that are not within standards.
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Figure 6 demonstrates that, with a CPM value of 0.91, the process mean is nearer the goal (sample mean = 20.6 mm).
Therefore, using the SPC techniques utilized in this study can result in an anticipated 20% decrease in the quantity of capsules
that don't fit the specifications due to improper body length.

5. Literature Review
This section summarizes the entire research 'Statistical Process Control and Its Applications in Manufacturing Quality
Assurance' in detail and also presents a brief version of the content in Table I.

Razmochaeva, Semenov and Bezrukov (2019) The major components of statistical control of quality management methods
for goods and continuing firm operations are explained. A comparative analysis of the statistical management software currently
in use is conducted based on the chosen comparison criteria. Systems' benefits and drawbacks are identified, and a response to
the query of each system's suitability for the process automation issue is developed. The primary strategies for updating the
current systems and creating new ones for statistical process management are assigned [24].

Saif (2019). Subsequent studies revealed that combining these two strategies produces greater results than employing each
one alone. The advancements in integrating these two methods thus far are the initial focus of this study. After that, a suggested
plan to combine SPC and APC to complete a few tasks is shown. There is a focus on new research avenues for combining these
methods [25].

Godina and Matias (2018) Special cause events are identified and tracked using statistical methods. The SPC is a technique
for preventing errors rather than identifying them. This paper's case study involves a Portuguese small- and medium-sized
automotive firm (SME) that implements SPC. The test of normality applied in the SPC chart of the plant is the Kolmogorov-
Smirnov test (K-S). The control chart has been assessed, and it reveals that the process is focused and is well within the norms of
quality compliance. Additionally, the K-S test verifies the normal distribution of the acquired data. The Shapiro-Wilk test is a
more trustworthy measure of normalcy than the K-S test, even if the findings may differ [26].

Cooke and Howe (2018) The well-known technique is statistical process control (SPC), which uses statistical analysis to
track behaviour and regain control over process parameters. This method can be applied to investigate the time when power-
quality (PQ) attributes are out of normal range, such as harmonics, imbalance, and flicker. However, the frequent deviation of
these PQ characteristics may change depending on the day of the week, the time of day, and even the season. Instead of having
a single restriction, a dynamic set of constraints would be selected to reflect unknown anomalies, resulting in a tighter set of
continuous control during these times. This research discusses approaches for setting dynamic statistical process control limits
with PQ data [27].

Crowell et al. (2018) A set of reference tools that support the parsing, display, and analysis of build-time sensor data in an
intelligible and easily interchangeable file format is the result of this project. Jupyter Notebooks, a markup format that combines
Python source code, output, and documentation, is the foundation of the suite. The EOS M 290 L-PBF printer's sensor data is the
major emphasis of the product's interface, although its functionality is versatile and adaptable to varied applications. Members of
CCAM's consortium use the final product for various devices and sensor kinds, and it may be customised to support the digital
thread in a variety of investigations. [28].

Forbes et al. (2017) The project's main goal is to provide a non-destructive post-production verification method that helps
users assess a part's quality by rendering 3D models of the real construction using photographic data. By 1) gathering and
cleaning image data from actual builds, 2) efficiently storing data, and 3) producing visualisations of the images, the
visualisation process described here automates some labour-intensive tasks and ultimately assists users in determining how print
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parameters affect a build's quality. The ability to assess a final printed object's quality without damaging it for quality assurance
inspection is an important result of this study [29]

Table 1. Summary Of Statistical Process Control And Its Applications In Manufacturing Quality Assurance

Source Research Focus Key Insights Challenges Limitations
Razmochaeva, | Statistical control in Identified benefits and Selecting appropriate | Existing systems may
Semenov & quality management | drawbacks of current statistical criteria for system not fully support

Bezrukov (2019) | and comparison of management systems; comparison; integrating automation needs;
statistical developed criteria-based automation effectively improvements
management comparative analysis; proposed | into business processes proposed but not
software strategies for upgrading and tested empirically
developing new systems for
statistical process management
Saif (2019) Integrating Demonstrated that combining Achieving effective Proposed scheme not
Statistical Process SPC and APC yields better integration of two experimentally
Control (SPC) with results than using each different control validated; relies
Automated Process individually; reviewed methodologies; lack of heavily on prior
Control (APC) historical development; unified frameworks theoretical work
proposed an integration scheme
and future research directions
Godina & Use of SPC for SPC analysis showed the Choice of statistical Case study limited to
Matias (2018) monitoring special- process is centered and meets tests affects a single SME; results
cause variations in compliance; Kolmogorov- interpretation; may not generalize;
an automotive SME | Smirnov test confirmed normal balancing practicality normality tests may
distribution; highlighted vs. accuracy in real yield conflicting
potential differences if SME environments outcomes
Shapiro-Wilk test were used
Cooke & Howe | Dynamic SPC limits | Developed methods to create Accounting for May require large,
(2018) for power quality dynamic control limits to temporal variation in high-resolution
(PQ) data reflect time-dependent PQ parameters; creating datasets; dynamic
variation in PQ parameters; models robust across limits can be complex
argued dynamic limits varying time scales to calibrate
outperform static ones for
abnormality detection
Crowell et al. Tools for analyzing, | Developed a modular, Jupyter- | Ensuring compatibility Tool performance
(2018) visualizing, and based tool suite for analyzing | across diverse machines | dependent on sensor
processing build- L-PBF machine sensor data; and sensor types; data quality; not all
time sensor data in adaptable to various machines | maintaining modularity sensor types tested
additive and sensors; supports digital while supporting
manufacturing thread implementation advanced analytics
Forbes et al. Non-destructive 3D Automated data cleaning, Handling large image Visual models may
(2017) visualization for storage, and visualization of datasets efficiently; not capture hidden

quality verification
in additive
manufacturing

build images; enabled quality
assessment without destroying
the printed object; improved
understanding of how printing
parameters affect final quality

automating complex
visualization tasks

internal defects;
accuracy depends on
image resolution and
consistency

5.1. Research Gap

In spite of the fact that the previous research has discussed the SPC issue in a variety of aspects such as comparing the
statistical management software, incorporating SPC with Advanced Process Control (APC), using SPC in SMEs, creating
dynamic control limits, and the non-destructive verification of quality, the gaps are still present. The available research is rather
biased on specific case studies, or tool-based applications, or even domain-specific applications, but does not present an
integrated framework that can encompass dynamic SPC strategies, use of sophisticated data analytics, and real-time monitoring
in a wide variety of manufacturing settings. In addition, there is a preference in most research to focus on the classic statistical
tests and fixed limits, whereas there has been a little acceptance of adaptive, data-driven, and automated SPC systems that can
process high volumes of sensor data and dynamically adapt to process conditions. Such fragmentation underscores the necessity
to have an all-inclusive, scalable, and smart SPC-based quality assurance model that would help bridge the traditional statistical
techniques with the latest digital manufacturing technologies.
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6. Conclusion and Futur Work

The Statistical Process Control (SPC) has demonstrated to be one of the most essential methods for boosting quality control
in the production process. SPC allows enterprises to maintain a constant quality of their goods, eliminate wastes and boost
operational efficiency by recognising and limiting variability of the processes. The article covers the principles of SPC, Pareto
analysis, cause-and-effect diagrams, control charts, process capacity assessment, and their real-world applications. The study
illustrates that process capability, and defect reduction can be measured and conclude that SPC is an effective tool in the actual
production setting. On the whole, SPC is the general approach to the contemporary quality management systems that make it
possible to make informed decisions and improve continuously and follow the international standards of quality in the
manufacturing industries. Future study can concentrate integrating SPC to the emerging Industry 4.0 technologies (Al-based
predictive analytics, automated quality control systems and 10T -based real-time monitoring) to the extent of the upcoming study.
This kind of integration would improve the precision and speed of identifying the process variations, maximize the production
efficiency, and boost the application of SPC in different industrial and service industries. Also, the investigation of adaptive SPC
models of dynamical processes and high-mix production facilities may further enhance the reliability of the processes and
decrease defects in the contemporary manufacturing.
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