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ABSTRACT 
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58 pages, 26 figures, 11 tables  

Examiners: Dr. Ajdin Vatreš, assistant professor, Docent Arto Laari, Prof. Dr.-Ing. Martin 

Sobczyk 
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This thesis explores the integration of control charts and process capability analysis to 

monitor and improve the quality of processes, with a particular focus on moisture content 

in timber production. The study investigates the application of various control charts, 

including Shewhart and Cumulative Sum (CUSUM) charts, to detect and respond to shifts 

in the process mean. Through detailed analysis of three distinct timber cases, the research 

demonstrates the sensitivity and effectiveness of CUSUM charts in identifying small but 

persistent deviations that may affect the overall process capability. Moreover, the process 

capability and control charts analysis emphasize the importance of maintaining process 

stability, while also offering recommendations for further improvements in managing 

moisture content in the wood.  
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1. Introduction 

In today's highly competitive manufacturing environment, ensuring the quality and 

efficiency of production processes is substantial. One of the critical methodologies 

employed in achieving this objective is statistical process control (SPC), a collection of 

statistical tools that help in monitoring and controlling production processes. Among these 

tools, control charts and process capability analysis stand out as fundamental applications 

for identifying variations in processes. This thesis focuses on the implementation of control 

charts and capability analysis within the wood industry, specifically the furniture 

manufacturing sector, aiming to enhance process efficiency and product quality. 

Control charts are a cornerstone of SPC and serve as visual tools to monitor process 

behavior over time. They help in distinguishing between common cause variations (natural 

process variations) and special cause variations (variations due to specific, identifiable 

factors). On top of that, role of the control charts is to function as preventive tools by 

enabling early detection of process deviations, allowing for timely interventions before 

non-compliance occurs (Oakland, 2003 and Pyzdek et al. 2009). By using control charts, 

manufacturers can maintain control over their processes, ensuring that any deviation from 

the norm is promptly addressed (Oakland, 2003). 

Process capability analysis, on the other hand, quantifies how well a process can produce 

products within specified tolerance limits. It involves statistical measures, also known as 

indices, which provide insights into the capability and performance of a process. With a 

conclusion that a high process capability indicates a robust process with minimal variation, 

resulting in consistent and high-quality outputs (Polhemus, 2017). 

The wood industry faces different technical and operational challenges and opportunities 

related to process improvement. These challenges include variations in raw material 

quality, precision in machining processes, and consistency in finishing operations. As 

consumer demand for high-quality, custom-designed furniture grows, the need for 

efficient, consistent, and high-quality production processes becomes even more critical. 

Implementing SPC tools, such as control charts, allows manufacturers to detect and correct 
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process variations in real time, leading to reduced waste, improved product quality, and 

higher customer satisfaction (Montgomery, 2013 and Leavengood and Reeb, 2015). 

In the context of the furniture industry, control charts and process capability analysis are 

relevant due to the manufacturing processes. This industry involves various processes such 

as cutting, shaping, assembling, and finishing, each with its own set of variables and 

potential for variation. Besides length, width, thickness or height, which are typical 

measures that need to meet specifications, a few other measures could be evaluated, such 

as moisture content, color consistency, joint strength and many more. Each of these 

measures is crucial in ensuring the overall quality and functionality of the final furniture 

piece, as they are interconnected and can affect one another. For instance, slight deviations 

in cutting dimensions can lead to significant issues during assembly, compromising the 

structural integrity and aesthetics of the finished product (Savsar and Alotaibi, 2020). 

Controlling moisture content in the wood is a significant challenge of the wood and 

furniture industry (Walker, 2006). Wood is a hygroscopic material, meaning it readily 

absorbs and releases moisture based on the surrounding environment's humidity (Glass and 

Zelinka, 2022). This inherent characteristic affects significantly throughout the wood 

processing chain, from initial lumber drying to final product finishing. More precisely, if 

the moisture content is not adequately controlled, wood is prone to dimensional changes, 

warping, cracking, or fungal decay which can lead to structural disintegration and a loss of 

aesthetic appeal (Glass and Zelinka, 2022 and Green et.al., 2022). 

By implementing SPC tools, furniture manufacturers can gain a deeper understanding of 

their processes, leading to more precise control, predict default scenarios and improved 

outcomes. This proactive approach to quality control not only reduces the likelihood of 

defects but also enhances operational efficiency and reduces costs associated with doing 

the work again, or even worse - the waste. 

Designing control charts for measuring moisture levels in the wood can improve the 

overall outcome. These tools can be helpful in various scenarios. To be precise, control 

charts can identify trends and detect out-of-control conditions while measuring moisture 

content, however, most importantly, their implementation provides corrective actions 

promptly to prevent recently mentioned issues like warping, cracking, or fungal decay 

(Walker, 2006 and Dinwoodie, 2000). This approach helps maintain dimensional stability 
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and enhances the aesthetic appeal of wood products by reducing variability and ensuring 

that processes remain stable. 

This thesis integrates both theoretical and practical components. The Literature Review 

chapter will provide a comprehensive overview of existing research on Statistical Process 

Control (SPC), control charts, and process capability analysis, with a particular emphasis 

on their applications in the manufacturing sector, specifically within the furniture industry. 

Additionally, this chapter will detail the research design, outlining the key formulas, 

methodologies, and analytical techniques employed in the thesis. 

The primary objective of the thesis is to develop appropriate control charts for a critical 

process in the wood industry, calculate process capability indices, and analyze the overall 

results. These findings will be presented in the practical section. Finally, the thesis will 

conclude with a summary of the key findings and recommendations for future 

improvements.  
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2. Literature Review 

To provide a better understanding of Statistical Process Control with the focus on the wood 

and furniture industry, this chapter provides a concise analysis of relevant and available 

publications. 

2.1.  Introduction and Historical Context 

Various industry sectors face inherent challenges due to the variability of natural materials, 

diverse production methods, and demanding quality standards. Ensuring consistent quality, 

reducing defects, and optimizing resource utilization remain continuing challenges. As 

stated by Montgomery (2013), Statistical Process Control has emerged as a powerful 

toolkit to address these challenges, with process capability analysis and control charts at its 

core. 

The beginning of SPC can be traced back to work of Walter A. Shewhart in the early 20th 

century. In his groundbreaking work, "Economic Control of Quality of Manufactured 

Product" (1931), Walter A. Shewhart set the foundation for Statistical Process Control 

(SPC) by introducing the concept of control charts, a tool for monitoring process data over 

time. Shewhart's emphasis on statistical methods in understanding and managing process 

variability led to the development of control limits, which are statistically determined 

boundaries that distinguish between random fluctuations (common cause variation) and 

assignable causes of variation (special cause variation). Shewhart's work not only 

established the theoretical understanding of SPC, but also provided practical tools for its 

implementation, focusing on decision-making and continuous improvement of the 

processes.  

One of the earliest applications of SPC, and their practical tools, in industry, was in the 

manufacturing of telephone equipment. Shewhart used tools known as control charts to 

monitor the dimensions and performance of various telephone components, such as relays 

and switches. By analyzing the patterns on the control charts, he could identify when a 

process was out of control and take corrective action to prevent defects and improve 

quality (Leavengood, 1999 and Shewhart, 1930).  
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After the introduction of control charts, many industries began implementing them in their 

own processes. According to (Leavengood, 1999), quality control programs gained 

prominence in the late 1970s and early 1980s in the wood industry. The particular focus 

was on sawmills, where control charts were used to monitor the size of lumber. During the 

1990s, many wood product companies decided to start using Statistical Process Control 

tools to improve their final results (Leavengood, 1999). 

On the other hand, Juran (1988), another key figure alongside Shewhart, emphasized the 

importance of process capability in his "Quality Control Handbook." Juran defined process 

capability as the inherent ability of a process to meet customer specifications. This 

concept, further developed through process capability indices such as Cp and Cpk by 

researchers like Kane (1986) and Kotz et al. (2017), provided a quantitative framework for 

assessing and improving process performance.  

In the publication by Kane (1986), process capability analysis is detailed as quantifying the 

relationship between the natural variation of a process and the specified tolerance limits. It 

provides insights into whether a process is capable of consistently producing products that 

meet customer requirements. The Cp index, a fundamental measure of process capability, 

compares the process spread to the tolerance width. A higher Cp value, as highlighted by 

Kane (1986), indicates a more capable process. 

The Cpk index, introduced by Kane (1986), considers the process centering, reflecting how 

well the process mean aligns with the target value. This is crucial in scenarios where 

deviations from the target in either direction have different consequences. Further and 

detail analysis of these indices will be discussed in Chapter 3, where the mathematical 

definitions are also provided in Equations (3.8) to (3.11). 

Nevertheless, Kane (1986) highlights that process capability indices, such as Cp and Cpk, 

are practical tools used in industries to measure how well a process can meet its 

requirements. According to the author, in these indices, the subscript "p" refers to the 

process itself, while "k" denotes how closely the process aligns with its specification 

limits. Nonetheless, the author mentions that using these indices can help prevent defects, 

track improvements over time, and make informed decisions about process changes or 

adjustments. 
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2.2.  Control Charts: Monitoring Process Stability 

While process capability analysis provides an overview of the process potential, 

Montgomery (2013) states that control charts enable real-time monitoring of process 

stability. By plotting process data over time, control charts help identify unusual patterns 

or trends that may signal the presence of special causes of variation. This allows for timely 

intervention and corrective action, preventing defects and ensuring consistent quality, 

according to Montgomery (2013). 

There are various types of control charts where Montgomery (2013) explains them for 

different types of data. For variables data, X-bar and R charts are commonly used. These 

charts monitor the central tendency and dispersion of the process, respectively. 

 

2.2.1. X-Bar Chart 

Among the plenty of available literature Leavengood et al. (2015) provided a short 

summary of X-bar chart, where the authors explained that the chart is used to keep track of 

average values from samples. Furthermore, they explained that the individual 

measurements are known as x values, and their average is x-bar. The points on the chart 

represent the averages of values in each sample group. The centerline shows the overall 

average. The upper and lower horizontal lines are referred to as the upper control limit and 

lower control limit.  

Additionally, Leavengood et al. (2015) outlined the estimate of the standard deviation of 

the averages is calculated using following equation: 

 𝜎𝑥̅ =  
𝜎̂

√𝑛
(2.1) 

Where: 

𝜎𝑥̅ - standard deviation of the sample averages 

𝜎̂  - the standard deviation of the sample 

n – sample size 
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The upper control limit (UCL) and lower control limit (LCL), of the X-bar chart, as 

mentioned by the authors, are calculated using (2.2) and (2.3). 

 UCL =  𝑥̿ + 3 ∙ (

𝑅̅
𝑑2

√𝑛
) (2.2) 

LCL =  𝑥̿ − 3 ∙ (

𝑅̅
𝑑2

√𝑛
) (2.3) 

where: 

𝑥̿ - overall average of the sample means, 

𝑅̅ – average of the sample ranges, 

d2 – Hartley's constant. 

However, to simplify these calculations, a constant value 𝛼 is used, which consolidates all 

the constants in the formula, making the equations more suitable for further calculations. 

These adaptations will be presented and discussed in Chapter 3, specifically in Equation 

(3.5). 

2.2.2.  R Chart 

The R chart complements the X-bar chart, which tracks the central tendency (mean) of a 

process, by providing insights into the consistency and predictability of a process over time 

according to Leavengood and Reeb (2015). This chart is designed by plotting the range of 

each subgroup of samples taken from the process, and as defined by Wheeler (2000) that 

range is the difference between the highest and lowest values within each subgroup, which 

provides a simple and effective measure of dispersion within the data. 

Control limits for the R chart are established based on statistical theory, considering the 

sample size and the underlying distribution of the process (Oakland, 2003). These limits 

serve as boundaries for the expected range of variation in a stable process and are 

calculated using constants, where one of the constants is often 0 for small sample sizes, as 

noted by Leavengood and Reeb, (2015). This means, R chart mostly does not have a lower 
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control limit. Complete mathematical explanations and discussion for R chart are available 

in Chapter 3. 

The R chart is particularly sensitive to shifts in process variability. As noted by (Pyzdek et 

al., 2009) in "The Six Sigma Handbook," an increase in the range on the R chart suggests 

that the process is becoming less consistent, while a decrease indicates improved 

predictability. The R chart monitors the dispersion within subgroups, making it an essential 

tool for detecting increases in variation that may not be apparent in an X-bar chart alone 

(Pyzdek et al., 2009). 

As mentioned by Oakland (2003), setting up the control charts is relatively easy and Figure 

1 represents both mean (X-bar) and range (R) charts, where is possible to notice the 

differences mentioned before. The charts in Figure 1 are computed using random data and 

are intended solely as an example. 

 

Figure 1. a) X-bar chart, b) R chart 
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2.2.3. The Cumulative Sum Control Chart 

Over the years, various strategies have been proposed to address the limitations of the 

Shewhart chart, particularly by introducing "supplementary runs rules." These rules are 

designed to trigger a signal when successive data points exhibit specific unusual patterns, 

even if they remain within the control limits. An example is the established rule that 

indicates a process may be out of control if two out of three consecutive points are plotted 

more than two standard errors away from the center line. However, such approaches are 

often less effective than revisiting the foundational principles and adopting alternative 

methodologies that are inherently better at detecting persistent shifts in process data. One 

such methodology is the cumulative sum (CUSUM) chart (Figure 2), which was identified 

early on as intuitively appealing for detecting smaller, sustained shifts because it 

accumulates information from successive readings (Hawkins and Olwell, 1998). The 

CUSUM chart in Figure 2 is computed using random data and is intended solely as an 

example. 

 

Figure 2. CUSUM chart 

As discussed by Kurt et al. (2021) CUSUM control charts plot the cumulative sum of 

deviations of sample averages from a target value over time, making them particularly 

effective in detecting small shifts in process performance. Unlike Shewhart charts, which 
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rely on control limits, CUSUM charts accumulate information across multiple samples, 

enabling more sensitive detection of minor process shifts, especially when the sample size 

is small. This makes CUSUM charts more advantageous in certain situations, as they 

directly incorporate all sample information by plotting these cumulative deviations. 

Consequently, CUSUM charts have become widely used as standard control charts for 

monitoring small changes in process averages. The CUSUM chart's ability to reveal 

trends—showing a positive trend when the process average increases and a negative trend 

when it decreases—further underscores its advantage in continuous process monitoring, as 

highlighted by Murdoch (1979) and Montgomery (2009). 

 

2.3. Application in the Wood Industry 

The wood industry, encompassing lumber production, furniture manufacturing, and other 

wood product fabrication, faces unique challenges due to the inherent variability of wood 

as a natural material. Factors like wood species, and moisture content can significantly 

influence the properties and behavior of wood, as highlighted by Dulau and Madaras 

(2017). 

Furthermore, Dulău and Madaras (2019) detail the design and implementation of an 

automated system for monitoring and controlling the timber drying process, where it is 

stated that drying is crucial to wood quality and stability. The conventional drying process 

involves stages like initial heating, actual drying, conditioning, and cooling, each with 

specific temperature and humidity requirements. The authors outline the development of a 

control system using a programmable logic controller and various sensors to monitor and 

adjust parameters like temperature and equilibrium moisture content throughout the drying 

process. The goal is to achieve a final moisture content suitable for the wood's intended use 

while minimizing defects. The control of moisture content, a key parameter influencing the 

drying rate and wood quality, is achieved through intake systems regulated by a specific 

device. 

Other applications of the control charts in wood industry are highlighted by Barefoot and 

Salehuddin (1962), which are the control charts in monitoring veneer thickness during 

production. The X-bar chart tracks the average thickness of veneer samples over time, 
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while the R chart monitors the range of thickness within each sample. By plotting these 

charts, manufacturers can quickly identify when the veneer thickness deviates from the 

desired specifications. This allows for timely adjustments to the peeling process, ensuring 

consistent veneer thickness and preventing the production of unusable material due to 

uncontrolled variation. The authors suggest that maintaining tight control over veneer 

thickness is crucial for producing high-quality plywood with strong and uniform glue 

bonds. 

Aniszewska et al. (2017) illustrate the practical application of control charts in the wood 

industry, specifically for monitoring the quality of floorboard production. The study 

focuses on the width of oak floorboards as a critical quality characteristic, as deviations in 

width can hinder proper installation and aesthetic appeal. The authors collected 100 

samples of floorboards and measured their width using an electronic slide caliper. They 

then constructed X-bar and R charts to track the average width and range of widths within 

each sample, respectively. By analyzing these charts, they could identify instances where 

the width deviated significantly from the desired specifications, indicating potential issues 

in the production process. The study also employed a CUSUM chart to detect smaller 

shifts in the average width over time. Although the process capability analysis revealed 

that the production process required adjustments, the authors concluded that the 

floorboards still met customer requirements.  

 

2.4.  Focus on Furniture Industry and Oak Wood Moisture Content 

 

The furniture industry relies heavily on the consistent quality of wood, especially oak 

wood, which is prized for its strength, durability, and aesthetic appeal. According to 

Bergman (2021) hardwood lumber, which includes oak, should ideally be dried to an 

average moisture content of 15% for framing in construction and 6% to 8% for furniture, 

cabinets, and millwork to minimize shrinkage and swelling. Bergman states that drying 

wood to the appropriate moisture content is crucial for its stability and performance as it 

affects the wood's workability, dimensional stability, and susceptibility to defects. 

According to research by Korkmaz and Büyüksarı (2019) variations in moisture content 

significantly affect key properties such as bending strength, modulus of elasticity, tensile 
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strength, and compression strength. As moisture content increases, particularly beyond the 

fiber saturation point, the compression strength of oak wood can decrease by as much as 

62.5%, which poses risks for furniture durability and structural integrity. This decline in 

strength can lead to issues such as warping and reduced longevity of furniture products.  

To explain how important SPC is, authors (Leavengood and Reeb, 2015a) designed control 

charts, and conducted process capability analysis for one of the furniture company’s 

product – handles. The analysis reveals several direct results that are crucial for managing 

moisture content in the furniture industry. Based on the control charts analysis, the 

furniture company currently operates with a process average moisture content of 6.5% and 

a standard deviation of 1.12%. Additionally, process capability analysis reveals that a 

process capability index (Cpk) is less than 1, which suggests the process is not fully capable 

of meeting the specified limits of 4% to 8% moisture content. This misalignment results in 

a significant number of out-of-spec products, particularly exceeding the upper specification 

limit, which directly impacts product quality and customer satisfaction. This situation not 

only leads to increased costs associated with rework and scrap but also poses a risk of 

losing customers who demand higher quality standards, as stated by Leavengood and Reeb 

(2015). 

According to research by Milota (2009) the cumulative sum (CUSUM) chart presents 

significant advantages over traditional control charts, particularly in detecting small, 

sustained changes in moisture content that may not be apparent through conventional 

methods. Additionally, the author states that the CUSUM chart is particularly effective 

when the drying process is well-controlled, allowing for the identification of subtle shifts 

in mean moisture content that could lead to quality issues if left unaddressed. Proper 

moisture control is crucial, as both over drying and under drying can adversely affect the 

value of lumber; over drying can result in increased warping, higher energy consumption, 

and reduced kiln throughput, while under drying leads to lumber that fails to meet grade 

requirements for moisture content. According to author the CUSUM charts can be 

challenging to interpret if the timbers often encounter wet or dry charges. However, if a 

timber is already achieving a consistent average moisture content using an X-chart, the 

CUSUM chart can be a valuable tool for further enhancing consistency.   
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3. Comprehensive Overview of Control Charts 

Control charts have become a fundamental part of process control across different 

industries. Their enduring popularity originates from their simplicity and effectiveness in 

identifying process stability, also known as in-control or out-of-control states.  

 

3.1. Statistical Process Control 

The concept of quality was developed centuries ago, but the tools that are included in 

Statistical Quality Control were developed within the last century. Unlike quality, SQC is 

not a singular concept but a toolbox containing various interrelated tools like Statistical 

Process Control (SPC), Design of Experiments (DOE), and acceptance sampling. These 

tools work together to monitor and continuously improve the quality of products and 

processes (Tran, 2021). 

Within this toolkit, SPC plays an important role in process monitoring. Walter Shewhart 

developed the core theory of SPC in the 1920s. Later on, Edwards Deming widespread 

adoption and advancement of Statistical Process Control following Walter Shewhart's 

foundational work. They both noted that repeated process measurements exhibit a certain 

level of variation. Initially focused on production processes, Shewhart and Deming 

proposed that this principle could be applied to any process. When a process is stable, its 

variation is predictable and can be described by statistical distributions, most commonly 

the normal distribution. A fundamental tool in SPC is the control chart, which Shewhart 

introduced in 1924 (Bajrić et al., 2018). 

The implementation of statistical process control typically involves three key steps: 

• Creating a process flow diagram that clearly outlines each step of the procedure, 

• Conducting sampling and measurements at regular intervals during various stages 

of the process, 

• Developing control charts to identify and address the root causes of recurring 

issues. This process also involves measuring process capability. 
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3.2. Key Concepts and Applications of Control Charts  

In manufacturing, Control Charts are essential tools of Statistical Process Control used for 

continuous process monitoring and identifying abnormalities to enhance and optimize the 

process. These charts help distinguish between variations that are the result of random 

fluctuations and those that arise due to specific causes that can be identified and corrected. 

Walter A. Shewhart, during his working period at Bell Telephone Laboratories, invented 

control charts in 1924. This is why these tools are also referred to as Shewhart control 

charts. They can be created for various quality characteristics, whether measurable 

quantities (variables) or descriptive features (attributes) (Swamidass, 2000). 

Shewhart control charts are created using data collected from random samples of the 

process's output. The control limits on the chart are determined by analyzing the variation 

observed within these subgroups. This variation reflects the natural fluctuations in the 

process due to common causes. 

Dr. Shewhart proposed three primary objectives for the control chart (Murdoch, 1979): 

• To establish a goal or standard for a process to be achieved, 

• To act as a tool to help achieve this standard. 

• To serve as a reference for assessing whether the standard has been achieved. 

Control charts are tools that precisely define statistical control, allowing them to be applied 

in various situations and methods. Their primary application lies in real-time process 

monitoring. Samples are collected regularly and used to create a control chart. If these 

sample values fall within control limits and show no systematic distribution patterns, the 

process is considered under control. Control charts help draw conclusions about past 

process states and predict future conditions of the observed process. Their most significant 

advantage lies in process improvement. 

Moreover, control charts are essential for identifying trends in process validation, solving 

technical support issues, or product servicing. This tool is highly effective in presenting 

and visualizing data both on the front lines and during management reviews. Utilizing 

control charts can enhance production efficiency, reduce flaws and malfunctions, improve 



 

15 
 

earnings, and decrease expenses. It is crucial to note that control charts track process 

changes over time, so the samples must always be the most recent ones produced (Kim and 

Kwak, 2023). 

3.3.  Steps for Designing the Control Charts 

Since maintaining consistent quality and efficiency relies on identifying and understanding 

variations within a process, analyzing these variations through control charts allows 

intervention and ensures the process remains on track. This chapter outlines the key steps 

involved in designing an effective control chart. 

 

3.3.1. Definition of the Process and Characteristics to Be Monitored 

The first step is to identify the specific process that will be monitored and the 

characteristics that will be tracked. This characteristic can be a measurable variable (e.g., 

weight, temperature) or an attribute (e.g., number of defects per unit). A clear 

understanding of the process is crucial for choosing the most appropriate control chart 

type. 

3.3.2. Selection of the Control Chart Type 

There is various control charts designed for different types of data and monitoring needs. 

The chosen chart will depend on the characteristic that is tracked as well as the variation 

that will be detected. Appropriate selection of control chart depends on several factors, 

including the type of data, sample size, and the specific aspect of the process that requires 

monitoring. Understanding the nature of the data and the process is crucial to choosing the 

right chart, as this will directly influence the ability to detect process variations and 

maintain quality control. 

For instance, it is important to know if measurements involve continuous data, as this 

provides insights into the central tendency and variability of the process. Continuous data 

enables understanding of process behavior, aiding in the detection of shifts and trends. On 

the other hand, some control charts are more suited for processes where counting defects is 
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necessary, offering a straightforward approach to monitoring quality. These charts are 

effective in identifying the frequency of defects. 

3.3.3. Collection and Sample Data Analysis 

It is substantial to gather a representative sample of data points from the process. The 

sample size should be sufficient to accurately reflect the process behavior. By conducting 

the analysis of the data, key statistics relevant to the chosen control chart type are 

calculated.  

3.3.4. Centerline Calculation and Control Limits 

Line representing the average value of the characteristic that is being monitored is called 

centerline. Its calculation depends on the chosen control chart type. 

Upper and lower bounds that define the expected range of variation in a stable process are 

known as control limits. Common practice uses 3 standard deviations above and below the 

centerline (3-sigma limits). Wider or narrower limits can be chosen based on specific needs 

and of the process variation. 

3.3.5. Control Chart Implementation 

After defining the process and gathering values, next step includes plotting the data on the 

chosen control chart format, as well as including calculated centerline and control limits. 

This stage also includes analysis of the plotted data points.  

3.3.6. Monitoring and Improvements 

Control charts are most effective when used consistently. Monitoring of the chart and 

updating it with new data points should be done regularly as the process continues. Over 

time, it might be needed to refine the control limits based on new requirements. 

By following these steps, designing control charts is relatively easy work, and they become 

valuable tools for ongoing process improvement and ensuring consistent quality. 

 



 

17 
 

3.4.  Visual Examples and Elements of Control Charts 

Setting up control charts is not a complicated process when following defined steps. It is 

essential to establish elements of the control charts correctly. In this chapter, crucial 

elements of the control charts will be defined as well as additional parts that can help keep 

the process under control. Additionally, it will be explained when the process is stable. 

Every control chart design begins by establishing a central line (CL), also known as the 

middle line. This line represents the mean value of the process and serves as a benchmark 

against which variations are measured. It provides a clear visual indication of the process's 

expected performance level over time. 

Next, it is essential to identify the upper control limit (UCL) and the lower control limit 

(LCL). These limits define the boundaries of acceptable variation in the process. The UCL 

and LCL are calculated based on historical data and represent the range within which the 

process should operate under normal conditions. For example, for X-bar chart UCL and 

LCL are set based on the process mean and variability. However, for R chart, these limits 

are calculated based on the average range and provide a way to assess the consistency of 

the process. Any data points falling outside these limits suggest potential issues or changes 

in the process that may require further investigation.  

Based on randomly generated data examples, X-bar and R charts are computed, and shown 

with the main elements in Figure 3 and Figure 4 respectively.  

 

Figure 3.  X-bar Chart – Process Under Control 
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Figure 4. R Chart – Process Under Control 

Moreover, when designing control charts, it is advisable to include an upper warning limit 

(UWL) and a lower warning limit (LWL) to provide an early indication of potential issues. 

Even when the process remains under control, adding warning limits can provide an 

additional layer of monitoring, allowing for earlier intervention before significant issues 

arise.  

Typically set at ±1.5 standard deviations from the central line, these limits offer a proactive 

approach to process control, though the exact values can be adjusted based on the specific 

needs of the process. Figure 5. Presents additional limits, upper warning limit and lower 

warning limit in X-bar chart. Again, the chart was created using randomly generated data. 

 

Figure 5. X-bar chart with additional Upper warning and Lower Warning Lines 



 

19 
 

3.5. Process Stability 

One of the most substantial questions that arise during the control charts analysis is how to 

know if the process is under control. Firstly, before using the control charts or evaluating 

process capability, it's crucial to confirm that the process was indeed in statistical control at 

the time of sampling, meaning the distribution of individual items was stable. A process is 

considered in statistical control when all variations are due to random or common causes. 

To illustrate this randomness, at least 50 data observations should be collected and grouped 

into samples and then results should be presented using control charts, with limits 

calculated from the data (Oakland, 2003).  

Next, if the data points are plotted inside the area of upper and lower control limits process 

can be considered under control. However, if the data points are plotted outside these 

zones, the process is not under control and required action is necessary to find the reasons 

responsible for this state (Montgomery, 2009). 

Assessing process control starts by analyzing the results from the formed control charts. 

The charts can be separated into three zones, A, B and zone C, which can be seen in Figure 

6. The first zone is zone C and presents the area between the centerline and the first 

standard deviation. is formed from the central line. Upper and lower control limits are 

located at +3𝜎 and -3𝜎, respectively, from the centerline and present zone A. In between 

these two zones, area of the zone B is formed.  



 

20 
 

 

Figure 6. Different zones of the control charts 

In evaluating whether a process is in statistical control, it is crucial to adhere to established 

indicators and rules for control chart analysis.  The process should exhibit no more than 

approximately 1 in 40 values between the warning and action limits (Zone B). This 

threshold indicates that the process is nearing an out-of-control state but does not 

necessarily signal a problem by itself. Additionally, there should be no instances of two 

consecutive mean or range values falling outside the same warning limit (Zone B), as this 

suggests a possible shift in the process. 

Further analysis involves monitoring consecutive points and runs for patterns indicating 

instability. The process should not display a run of eight consecutive points on one side of 

the center line or six points in a row either steadily increasing or decreasing, as these trends 

suggest a systematic issue. Similarly, fourteen points in a row alternating up and down, or 

eight points in a row on both sides of the center line with none in Zone C, are signs of 

over-control or a lack of process stability. The presence of fifteen consecutive points in 

Zone C indicates a stable but potentially problematic lack of variability. Additionally, any 

unusual or nonrandom patterns, such as points near warning or control limits, require 

supervision to ensure that deviations do not become significant issues. Following these 

guidelines and closely examining data patterns will help keep the process stable and make 
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it easier to spot any non-random and unusual distributions. Even though it is very 

important to monitor unusual occurrences on control charts and look for special causes of 

variation, it is not recommended to overdo it with searches for unusual patterns of point 

distribution (Oakland, 2003 and Montgomery, 2009). 

 

3.6. Control charts Classification  

 Control charts can be broadly categorized based on the type of data they handle - variable 

data and attribute data. Control charts for variable data are used for measurements that can 

be quantified on a continuous scale, such as length or weight, while control charts for 

attribute data are used for categorical data, like the number of defects or the proportion of 

defective items. This classification helps in selecting the appropriate chart for effective 

process monitoring and improvement. 

It is important to highlight that this chapter will focus exclusively on control charts for 

variable data, as these will be the primary tools used for analysis in the practical section of 

the study. 

3.6.1. Control Charts for Variable Data 

Variable data refers to characteristics that can be measured on a numerical scale, exhibiting 

fluctuations within a given range. Examples include the height of individuals, the 

temperature throughout the day, or the weight of manufactured products. Since it is 

important to work with measurements that can change, special types of charts are needed. 

These charts allow us to assess whether the process mean is within acceptable limits and to 

monitor the extent of process variability. A common practice is to employ a pair of control 

charts:  

• X-bar chart, which monitors the central tendency of the process,  

• R chart (or occasionally the s chart), which tracks the process variability.  

Control charts for averages are statistical tools that monitor the central tendency of a 

process over time, allowing for the detection of shifts caused by unusual variations. 
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Conversely, control charts for ranges focus on the process's variability, indicating whether 

its consistency has changed due to special causes. These charts can be used with various 

continuous variables, such as weight, dimensions, and response times. A key principle in 

these charts is the use of rational subgroups, which consist of items produced under similar 

conditions. The average and range for each subgroup are calculated and plotted on the 

control chart. These statistics are then compared to control limits, and variations between 

subgroups are analyzed to evaluate the stability of the process (Pyzdek and Keller, 2009). 

When managing a quality characteristic that is variable, both its average value and 

variability are typically monitored. The average value of the process, or the quality level's 

mean, is generally controlled using average control charts, such as X control charts. 

Variability in the process, or the variability of the quality level, is commonly monitored 

with either standard deviation control charts or range control charts. Often, X and R control 

charts are employed together to oversee each quality characteristic. These charts are 

regarded as essential and highly effective tools in statistical quality and process control 

(Bajrić et al., 2018). 

To begin with the calculations, it is necessary to define subgroup size. For the smaller 

subgroups n= 4 to 6. This size is small enough to be practical but still provides useful 

information about variability and central tendency. The next step is to calculate average 𝑥̅ 

and range R for each observation (subgroup), where 𝑥1 + 𝑥2 + 𝑥3 … +𝑥𝑛 are the 

observations of the quality characteristic in a sample of size n, and 𝑥𝑖𝑚𝑎𝑥 − 𝑥𝑖𝑚𝑖𝑛 is a 

difference between the largest and the smallest observation. 

𝑥̅𝑖 =
𝑥1 + 𝑥2 + 𝑥3 … +𝑥𝑛

𝑛
 (3.1) 

𝑅𝑖 = 𝑥𝑖𝑚𝑎𝑥 − 𝑥𝑖𝑚𝑖𝑛 (3.2) 

After calculating the average and range for each subgroup, the next step is to determine the 

overall average of these averages and the average of the ranges. This involves computing 

the mean of all subgroup averages to establish the overall average, and finding the mean of 

all subgroup ranges to determine the average range. 

𝑥̅̅𝑖 =
𝑥̅1 + 𝑥̅2 + 𝑥̅3 … +𝑥̅𝑛

𝑛
 (3.3) 
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𝑅̅ =
𝑅1 + 𝑅2 + 𝑅3 … +𝑅𝑛

𝑛
 (3.4) 

With the overall average of subgroup averages and the average range calculated, the 

control limits for the x-bar chart can now be determined. The Upper Control Limit (UCL) 

and Lower Control Limit (LCL) are calculated using the appropriate constants based on the 

subgroup size. Additionally, formulas for calculating Upper Warning Limit (UWL) and 

Lower Warning Limit (LWL) are also provided. 

𝑈𝐶𝐿 =  𝑥̿ + 𝛼𝑅̅ 

𝑈𝑊𝐿 =  𝑥̿ +
2

3
𝛼𝑅̅ 

𝐶𝑒𝑛𝑡𝑟𝑎𝑙 𝑙𝑖𝑛𝑒 = 𝑥̿ (3.5) 

𝐿𝑊𝐿 =  𝑥̿ −
2

3
𝛼𝑅̅ 

LCL = 𝑥̿ − 𝛼𝑅̅ 

Where value 𝛼 represent a constant value which is essential for calculating control limits, 

and it depends on a sample number. Values for 𝛼, based on the sample number in the 

calculations, can be obtained from Montgomery (2013). 

For the R chart, formulas for calculating center line as well as control limits are: 

𝑈𝐶𝐿 = 𝛽0.001𝑅̅ 

𝑈𝑊𝐿 = 𝛽0.025𝑅̅ 

𝐶𝑒𝑛𝑡𝑒𝑟 𝑙𝑖𝑛𝑒 = 𝑅̅ (3.6) 

𝐿𝑊𝐿 = 𝛽0.975𝑅̅ 

𝐿𝐶𝐿 = 𝛽0.999𝑅̅ 

Again, 𝛽0.001, 𝛽0.025, 𝛽0.975 and 𝛽0.999 are constant values for various values of n. These 

values, based on the sample number, can be obtained from Montgomery (2013). 
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3.6.2. Cumulative Sum Charts 

Identifying small, consistent shifts in the process mean can be challenging when relying on 

traditional X-bar and R charts, which focus primarily on individual data points or sample 

averages. These charts are well-suited for detecting large, abrupt changes, but their 

sensitivity to subtle, gradual shifts is often limited. This limitation can lead to delays in 

identifying and addressing minor deviations that, over time, may impact process quality or 

efficiency. To overcome this challenge, CUSUM (Cumulative Sum) charts offer a suitable 

approach. By accumulating the sum of deviations from the target mean, CUSUM charts 

provide enhanced sensitivity to small, sustained shifts, enabling earlier detection and more 

precise control of the process. For instance, considering that samples of size n ≥ 1 are 

collected, and 𝑥̅𝑗 represents the average of the jth sample. If 𝜇0 is the target process mean, 

the CUSUM chart is created by plotting the cumulative sum of these deviations (Oakland, 

2003). 

𝐶𝑖 = ∑ 𝑥̅𝑗 − 𝜇0  

𝑖

𝑗=1

(3.7) 

The target process mean value can be the average value from the previous period, the 

specification value, previously determined value or recommended value by quality control 

staff. However, setting the target value is a crucial step in designing CUSUM charts, as it 

dictates the overall design. This means that the CUSUM chart is increasing when observed 

values exceed the target value. Conversely, it is decreasing when observed values fall 

below the target. A horizontal CUSUM chart indicates that observed values are equal to 

the target value. Therefore, it is essential to determine this value with careful consideration. 
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3.7. Process Capability Analysis 

The effectiveness of an organization in satisfying customer needs and desires is closely 

linked to the capability of its processes to produce products and/or services that 

consistently meet or exceed customer requirements. These requirements, which represent 

the key attributes that customers expect from a product or service, are translated by design 

engineers into specific quality characteristics.  

To ensure that these quality characteristics are achieved, engineers establish upper and 

lower specification limits. These limits define the acceptable range for each quality 

characteristic, providing clear standards that the production process must meet. During 

production, ongoing process performance is monitored to ensure adherence to these 

standards. 

Control charts are commonly employed to track and monitor process performance in real-

time. These charts are instrumental in identifying special causes of variation, allowing for 

timely preventive and corrective actions to maintain process stability. However, while 

control charts are valuable for monitoring process performance, they do not assess 

customer satisfaction directly. A process may remain under statistical control, yet still 

produce products that fail to meet customer requirements if those requirements are not 

adequately addressed within the process specifications. 

To bridge this gap, capability analysis complements control charts by evaluating how well 

the process performs relative to the defined specification limits. Capability analysis 

involves calculating capability indices, which quantify the process's ability to produce 

outputs within the acceptable range defined by the specification limits (Montgomery, 

2009). 

3.7.1. Process Capability Indices 

Process capability indices are tools used for assessing how effectively a process can 

produce outputs that meet customer specifications and quality standards. These indices 

serve to quantify the alignment between a process's performance and the predefined 

requirements, helping to understand consistency and reliability of the process. They 
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provide insights into the overall effectiveness of the process, revealing whether it can 

deliver products or services within acceptable limits.  

Several capability indices can be defined, and those are: Cp and Cpk for measuring the 

potential and actual capability of a process, and Pp and Ppk which provide insights into 

overall process performance. However, Cp and Cpk are indices of more interest and thus 

will be analyzed. Nonetheless, it is important to mention that these indices are 

dimensionless measures, showing if the process is acceptable or not. 

Process Potential Index (CP) is among the earliest metrics designed to assess process 

capability. It evaluates a process by comparing its "natural tolerance," defined as six 

standard deviations (6σ), directly against engineering specifications. For a process that is 

perfectly centered between these specifications and assumes a normal distribution, a CP 

value of 1 signifies a capable process. To accommodate potential process drift, a CP value 

of at least 1.33 is typically recommended (Pyzdek and Keller, 2009). For the purpose of 

having more acceptable process performance higher CP values are recommended. 

However, the CP index has notable limitations. It is only applicable when both upper and 

lower specifications are present and does not account for deviations in process centering. 

Consequently, an uncentered process can yield misleading CP values (Ile, 2014).  

𝐶𝑝 =
𝑈𝑆𝐿 − 𝐿𝑆𝐿

6σ
(3.8) 

where:  

USL – Upper Specification Line 

LSL – Lower Specification Line 

 

Nonetheless, when designing X-bar and R control charts with subgroups, the formula with 

estimating the process standard deviation from the average range of sample subgroups is 

used (3.8) for calculation of Cp index. This approach assumes that the data is normally 

distributed and is particularly useful in the context of range charts. 

𝐶𝑝 =
𝑈𝑆𝐿 − 𝐿𝑆𝐿

6σ̂
(3.9) 
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And estimation of process standard deviation (σ̂) is calculated as: 

σ̂ =  
𝑅̅

𝑑2
 (3.10) 

R-bar is calculated by following Equation (3.4) and Hartley’s constant (d2) varies with 

sample size and should be selected based on the specific sample size used (Montgomery, 

2009) 

The Process Performance Index (Cpk) measures whether a process meets specified 

requirements by assessing its capability relative to the given specifications. The Cpk index 

evaluates process capability by considering the process mean and its proximity to 

specification limits. However, it cannot distinguish between processes that are on target 

versus those that are off target. A negative Cpk value indicates that the process average falls 

outside the specification limits. When Cpk equals Cp, it signifies that the process mean is 

perfectly centered within the specification range. 

Values of Cpk index are calculated using following relations: 

𝐶𝑝𝑘 = min(𝐶𝑝𝑘𝑢; 𝐶𝑝𝑘𝑙) 

𝐶𝑝𝑘𝑢 =
𝑈𝑆𝐿 − 𝑥̿

3σ̂
;     𝐶𝑝𝑘𝑙 =

𝑥̿ − 𝐿𝑆𝐿

3σ̂
(3.11) 

Based on the relations at (3.10) the values of 𝐶𝑝𝑘𝑢 and  𝐶𝑝𝑘𝑙 must first be calculated (upper 

and lower specification) (Figure 7), with the smaller value being used for the final Cpk 

result. When 𝐶𝑝𝑘 and Cp are equal, it indicates that the process mean is centered on the 

target. If the values differ, the mean is shifted towards the specification limit associated 

with the smaller value. For example, if a  𝐶𝑝𝑘𝑢 value is calculated to be smaller, the 

process mean is closer to the upper specification limit. On the other hand, if a  𝐶𝑝𝑘𝑙 value is 

smaller, the mean is nearer to the lower specification limit (Bajrić et al., 2018). 
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Figure 7. a) Process performance index 𝑪𝒑𝒌𝒖, b) Process performance index  𝑪𝒑𝒌𝒍 (adapted from: 

Oakland, 2003) 

Nowadays in the industry, the midpoint of the specification limits is the most frequently 

used target value. This midpoint is commonly chosen to reduce costs by minimizing the 

probability of a part exceeding the specification limits. Often, off-center target values are 

used to accommodate specific dimensions for easier assembly or to address upstream 

processes to prevent issues in downstream operations. Figure 8 demonstrates the 

relationship between target values (T), process capability, and associated costs. 

 



 

29 
 

 

Figure 8. Examples of process capabilities: a) Low Cp, No Target Specified, b) Low Cp, Midpoint 

Target, c) Low Cp, Off-Center Target, d) High Cp, No Target Specified e) High Cp, Midpoint 

Target, f) High Cp, Off-Center Target. (adapted from Kane, 1986) 

To evaluate process performance and capability, the following table details various Cp and 

Cpk index levels and their corresponding implications for process quality. Table 1 and 

Table 2 presents various levels of process capability as indicated by the Cp and Cpk indices. 

Each row provides a specific range for Cp or Cpk values and describes the corresponding 

process capability: 
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Table 3.1: Levels of capability of Cp index 

Cp value Description 

Cp < 1 
Process is not capable, output frequently outside specification limits. 

Cp = 1 
Process is just barely capable, 99.73% of output within specification limits. 

Cp > 1 
Process is capable, 99.73% of output within specification limits. 

Cp > 1.33 
Process is highly capable, with 99.99% of output within specification limits. 

 

Table 3.2: Levels of capability of Cpk index 

Cpk value 
Description 

Cpk < 1 
Process is not capable, with inevitable non-conforming output and frequent deviations. 

Cpk = 1 Process is barely capable, with any variation potentially resulting in undetected non-conforming 

output. 

Cpk = 1.33 Process is still below acceptable standards, with non-conformance unlikely to be detected by 

control charts. 

Cpk = 1.5 Process is better but not yet satisfactory; non-conforming output will occur, and detection 

chances are still insufficient. 

Cpk = 1.67 
Process is promising, with non-conforming output likely to be detected with high probability. 

Cpk = 2 Process shows high confidence, with effective detection of non-conforming output assuming 

regular use of control charts. 
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3.8. Process Mapping  

Another valuable SPC tool to use during production is process map. Understanding and 

mapping a process is crucial for effective process management and improvement. A 

process map provides a visual representation of the sequence of activities and interactions 

within a process, offering insights into its structure and functionality. This chapter delves 

into the concept of process mapping and explaining the processes of the industry.  

Process mapping involves creating a graphical representation of a process to visualize its 

flow and identify key elements, such as inputs, outputs, and activities. This visual tool 

helps in understanding how a process operates, revealing areas of inefficiency, redundancy, 

or potential improvement. By mapping a process, organizations can gain clarity on how 

different components interact and how they contribute to the overall process objectives 

(Harrington, 2007). 

There are various available process map types, depending on the inputs and outputs 

needed. Some of these are known as: Value Stream Maps, Swimlane diagrams, Flowcharts, 

SIPOC diagrams, and many others. 

Flowcharts are one of the commonly used tools for process mapping. They visually depict 

the activities involved in a process, much like how a map shows the layout of a specific 

area. Both flowcharts and maps share similar benefits, such as illustrating how various 

components interconnect and fit together. The primary goal of mapping the process is to 

create an easily understandable picture of the process for the team. By employing 

flowcharts, organizations can visualize how each step in a process interrelates, making it 

easier to identify possible inefficiencies and areas for improvement. However, it is 

essential to establish a complete list of symbols and rules at the beginning of the process to 

avoid confusion (Bauer, Duffy and Westcott, 2006; Harrington, 2007). 

Moreover, flowcharts facilitate problem-solving and decision-making by offering a 

structured view of the process. When issues arise, teams can refer to the flowchart to trace 

the problem back to its source and understand how it affects other components of the 

process. By analyzing the chart, activity by activity, companies can track the root of the 

problem causes and make justified decisions.  
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A flowchart is composed of various symbols, each representing different elements and 

actions within a process. The most frequently used symbols include boxes, diamonds, 

arrows, and ovals.  Boxes are utilized to illustrate individual steps in the process flow, with 

each box briefly describing the activity and identifying the responsible person, function, or 

organization. Diamonds show a conditional operation. They determine the next path for the 

process. Typically, this operation is decided on the answer, Yes/No. Arrows are used to 

indicate the direction of the process flow, connecting one symbol to the next and guiding 

the sequence of steps. Ovals signify the start or end of the process, marking its boundaries. 

Parallelogram provides information about input or output, depending on the process 

operation. 

Additionally, to enhance the readability of the flowchart, it is advisable to use color 

coding. This involves applying consistent colors to represent the operations and the 

workers involved in those operations. Moreover, actor symbol defines operators assigned 

for specific tasks and operations within the process. One example of the flowchart is 

presented in Figure 9. 

 

Figure 9. Flowchart elements 
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4. Practical Application of Process Capability and Control 

Charts Analysis 

In this chapter, the application of control charts and process capability analysis, based on a 

case study conducted within the wood company, is discussed. It is important to note the 

company that provided the data for this case study has requested anonymity, and their 

identity will not be disclosed to respect their privacy and confidentiality. 

Furthermore, the focus in the chapter is on the implementation of these analytical tools and 

their subsequent analysis. The case study highlights the company’s processes, providing 

context for the use of control charts, and exploring potential spots for improvements. 

 

4.1. The Utilization of Oak in Wood Industry 

Oak holds a distinguished position among furniture woods primarily due to its availability 

and practical harvesting benefits. Its broad distribution across forests and the feasibility of 

its harvest contribute to its widespread use. The high demand for oak in products such as 

panels, furniture, flooring for homes, highway trailers has created a steady market for 

lower-grade lumber. Many other species of wood do not offer such favorable availability 

from a wood processor's perspective. Additionally, oak's typically larger log sizes further 

enhance its value. Larger logs reduce mill costs and increase the average width of boards, 

improving yield and minimizing edging waste in the rough mill (Moser, 1971). 

Despite its advantages, oak presents challenges in the drying process, which is crucial for 

successful furniture and cabinetry production. Proper seasoning of oak is essential, as the 

wood tends to develop surface checks on flat-sawed faces during drying. Oak can shrink 

up to 9% during drying process, particularly when the moisture content drops to around 

7%. This shrinkage is more pronounced parallel to the growth rings than radially. The large 

rays aligned perpendicular to the rings restrict shrinkage in edge-grain boards but become 

points of weakness in flat-grain lumber, leading to surface checks as the board dries and 

contracts around the still-wet core (Ross, 2021 and Moser, 1971). 
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4.2. Finger-Jointed Oak Panels Production 

The company from the case study produces two main types of panels: finger-jointed and 

edge-glued.  

Finger-jointed panels are named for their joints, which are created by cutting a series of 

matching tapered "fingers" into the ends of wood pieces (Figure 11). These fingers 

interlock and are then glued together to form a strong joint. Apart from having outstanding 

mechanical performance, finger joining technique is sustainable, eco-friendly and cost-

effective, as it reduces waste in industries like furniture making and construction (Özçifçi 

and Yapıcı, 2008; Muthumala et al., 2022). 

 

Figure 11. Finger-joints (retrieved from Van Acht (2021) 

To provide a clearer understanding of the process and to identify potential areas for 

implementing control charts, a flowchart outlining the production process is presented in 

Figure 12. Every operation is named in the boxes as well as the workers (which are shown 

as actors in the flowchart) needed for the operation and their roles in the operation. For 

example, the workers are shown with the same color as their responsible operations. 
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However, in this flowchart, workers responsible for multiple operations are only head and 

regular quality control staff. 

 

Figure 12. Flowchart for finger-jointed panels 

To produce finger-jointed panels, the initial step involves drying the timber in a kiln. The 

drying time typically ranges from 30 to 35 days, depending on factors such as moisture 

content, wood thickness, and the thickness of the sapwood layer. In exceptional cases, 

drying may extend up to 3 months. The issue for the extension period of drying primarily 

arises due to the layout of the timber samples during the drying process. Specifically, 

samples positioned in the middle of the pallet do not receive adequate airflow, resulting in 

insufficient drying and the need for additional drying time. Conversely, samples located on 

top of the pallet may be overexposed to airflow, leading to over-drying. This uneven 

drying can result in a wider range of moisture content in the timbers, leading to both 

excessively low and high moisture levels.  
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Once drying is complete, the wood undergoes a moisture content check. The moisture 

content can be defined as the total amount of water in the wood. If the moisture level is 

unsatisfactory, the timber is returned to the drying process until it reaches the optimal 

moisture content. Moisture content is crucial in finger-jointed panel production, with an 

ideal value being 7%. The acceptable range is from 4% to 12%, though these limits may be 

adjusted based on the desired quality of the panels. It is important to note that achieving 

the exact optimal moisture content is challenging, and no two panels will have the same 

moisture level. 

Following drying, the wood is subjected to preliminary planing, which helps to smooth and 

prepare the timber for further processing. After planing, the timber is sorted into classes: 

A-A, A-B, A-C, and B-C. Each timber is graded based on its quality, with two grades 

assigned—one for the "face" timber and one for the "back" timber. Grade A features the 

highest quality finish with no visible defects, making it suitable for decorative applications 

in homes, offices, and public spaces. Grade B also offers a high-quality finish, though it 

may include minor defects like small knots. This grade can be painted, stained, or 

lacquered effectively. Grade C is best for non-decorative uses as it contains visible knots, 

defects, and filler, which affect its appearance despite being filled. 

After sorting, the timber's moisture content is measured again. During preliminary planing, 

the moisture content may increase slightly as a few millimeters of the surface layer are 

removed, potentially exposing areas with higher moisture. Here, the moisture content of 

each piece of timber is checked. If it is over or under the limits, it is set aside and either re-

dried with the next batch or allocated for another use. 

The next step involves using finger-joint machines to create joints that connect pieces of 

timber together. Shortly after, planing is performed, which smooths and levels the timber 

surface. Following planing, a quality control check is conducted, where the dimensions of 

length, width, and thickness are inspected. The board must be uniform and meet all three 

criteria. If it does not, the timber is usually set aside for the production of boards with 

different dimensions.  

After planing, the finger-jointed boards are paired, glued, and edged, giving the boards 

their final appearance. Once all steps are completed, the boards undergo final quality 
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control where they are thoroughly examined. If they meet all requirements, they proceed to 

packaging; if not, they are sent to storage where they will be assigned a new purpose. 

Following the examination of the production process for finger-jointed panels, it is crucial 

to focus on potential quality control checkpoints and the development of control charts. As 

illustrated in the flowchart in Figure 9, quality control can be performed at several stages, 

including: 

• Measuring moisture content after drying. 

• Measuring moisture content after preliminary planning. 

• Inspecting width, length, and thickness during various processing stages. 

This master's thesis will focus on measuring moisture content following preliminary 

planing. The primary reason for implementing control charts in this context is to address 

the impact of moisture content on dimensions and material properties. As previously 

discussed, moisture content can significantly cause warping, cracking or dimensional 

instability. Since errors introduced at the beginning of the process can propagate 

throughout the entire production cycle, it is crucial to use control charts to monitor 

moisture content and ensure that any deviations are promptly detected and addressed to 

maintain product quality. 

4.3. Moisture Meter 

Moisture content in wood is measured using a wood moisture meter (Figure 13), a portable 

and pinless device designed for quick and efficient measurements in industrial settings. 

This device can measure moisture levels ranging from 0% to 100% and is suitable for 

timber thicknesses between 0.5 and 40 millimeters. In addition to moisture measurement, 

the meter also records the room's temperature and humidity, as these factors significantly 

affect moisture content. Users must adjust the meter's settings according to the wood type 

and thickness to ensure accurate readings, as moisture content measurements are highly 

sensitive to these parameters. 
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Pinless moisture meters operate on the principle of emitting electrical waves at a specific 

electromagnetic frequency, creating an electromagnetic field beneath the sensor pad. The 

waves interact with the wood and produce return waves that the sensor detects. Variations 

in these return waves are analyzed to determine the moisture content percentage (Smith, 

2024).  

However, there are still risks of potential inaccurate measurements. If the wood surface is 

wet or if measurements are taken with the hand under the timber, the moisture meter can 

show inaccurate results. To ensure reliable results, measurements should be taken from 

multiple locations on the wood, avoiding areas with cracks or defects. 

 

Figure 13. Moisture meter (retrieved from Wagnermeters, 2024) 
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4.4. Control Charts Implementation 

After detailing the process of manufacturing finger-jointed panels, the focus will shift to 

the design and implementation of control charts. This thesis specifically addresses the 

measurement of moisture content in oak timbers after pre-planing and sorting into various 

classes. The data were collected from different timber classes, lengths, and widths. 

Firstly, it is important to note that the drying process in the kiln is done in 35 days, making 

the timbers ready for further production. Next, following the pre-planing, timbers are 

sorted into previously mentioned classes, and then for six randomly selected timbers 

moisture content is measured. This means for every case there will be a different number 

of samples, but the sample size for all cases will be the same, n = 6.  

To ensure accuracy, moisture content was measured at three distinct locations on each 

timber: the top, middle, and bottom. This approach accounts for the variability in moisture 

content at different points on the timber. The measurements were conducted using a 

moisture meter, and the average moisture value from these three locations was calculated 

and recorded for each unit within the sample. Measuring moisture content near edges of 

timber are also avoided, as those spots can dry faster and show overall inaccurate results. 

Additionally, due to the risk of inaccuracy, careful attention was given to several actions. 

In the beginning of measuring process, each timber is carefully examined and checked if 

there are any wet spots. Secondly, moisture content is measured without placing hands 

beneath the timber, as the moisture meter can detect moisture from the user’s skin, leading 

to false readings. Thirdly, the timbers are left for some time to stabilize to the surrounding 

temperature and humidity after pre-planing process. 

Firstly, the moisture content was assessed for the timber class labeled AB, with dimensions 

of 425 mm in length, 41.5 mm in width, and 23 mm in thickness. Figure 14 shows several 

examples of timbers from class AB. It is possible to notice that this class features minimal 

surface defects, with none or only one small crack on one of the sides. Additionally, the 

wood in this class typically exhibits a uniform grain pattern and consistent color, with 

relatively few knots or irregularities. The surface of the timber is smooth, indicating 

effective pre-planing and minimal distortion. These characteristics contribute to the overall 

quality and suitability of class AB timbers for further processing and manufacturing. 
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Figure 14. Timber class AB 

For this timber class, measurements were taken from a total of 63 samples, with moisture 

content measured on 6 different timbers within each sample, as previously mentioned. The 

measurements were conducted using a moisture meter, and carefully noted.  

The analysis begins with the design of an R chart by following Equation (3.6). As the 

sample size is n=6, according to Montgomery (2013), values for constant values are 

𝛽0.001= 2.21, 𝛽0.025= 1.72, 𝛽0.975= 0.42 and 𝛽0.999= 0.21. 

Designing R chart helps to assess the variability in moisture content. It is important to note 

that the chart demonstrates all data points fall within the upper and lower control limits, 

confirming that the process is under control (see Figure 15). Additionally, the chart does 

not reveal any obvious patterns or trends that might suggest potential issues. Further 

analysis is necessary to obtain additional insights and ensure a comprehensive 

understanding of the process stability. Table 4.1 provides calculated values for central line 

and control limits.  
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Table 4.1 Control lines for R chart – Case 1 

 

 

 

Figure 15. R chart for the timber class AB – Case 1 

Next, X-bar chart is designed following Equation (3.5), and using constant value, α = 0.48 

for n = 6 (Montgomery, 2013). This chart is presented in Figure 16. Firstly, it is worth 

mentioning that the dataset presented here does not have any outliers.  Now, after closer 

examination of the chart, it is visible that three data points: 28, 35 and 38 pass over the 

lower warning control limit. Next, another three data points, which are data points 16, 18 

and 42 pass over upper warning control limit. Although these points remain within the 

acceptable range of variation, their proximity to the limits suggests a potential for the 

process to drift out of control. Additionally, a subtle downward trend in the average 

moisture content towards the latter part of the chart hints at a possible gradual shift in the 

process, potentially linked to changes in environmental conditions (mostly because air 

conditioning was off for some time during the measuring process). Table 4.2 provides 

calculated values for central line and control limits. 

 

 

LCL LWL CL UWL UCL
0.570 1.141 2.716 4.672 6.003
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Table 4.2 Control lines for X-bar chart – Case 1 

 

 

 

Figure 16. X-bar chart for timber class AB – Case 1 

The analysis continues with the design of control charts of Case 2, for a lower-grade timber 

class, BC with dimensions of 225 mm in length, 41.5 mm in width, and 23 mm in 

thickness. Additionally, the data used to design the control charts comprises 44 samples, 

each containing 6 timber units. This class is distinguished by several notable 

characteristics. Firstly, BC timbers often have more visible defects, such as larger cracks, 

knots, and surface imperfections, compared to higher-grade classes, which is shown in 

Figure 17. Additionally, the grain pattern in BC timbers tends to be less uniform, with 

noticeable variations in texture and color that can affect moisture distribution. 

Furthermore, BC class timbers could exhibit higher moisture content due to inherent 

moisture retention in the wood. The control charts designed for this class will account for 

these features, providing a comprehensive assessment of moisture content variability.  

LCL LWL CL UWL UCL
5.247 5.682 6.55 7.420 7.855
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Figure 17. Timber class BC 

Initially, the R chart will be calculated using Equation (3.6) and presented in Figure 18. 

Again, as the sample size is n=6, according to Montgomery (2013), constant values used in 

calculations are 𝛽0.001= 2.21, 𝛽0.025= 1.72, 𝛽0.975= 0.42 and 𝛽0.999= 0.21. The chart 

indicates that process variability is generally under control, with the majority of range 

values falling within the upper and lower control limits. However, there are a few 

exceptions: Data point 17 exceeds the UWL, while data point 22 is below LWL. 

Additionally, data points 15 and 36 exceed the UCL. Potentially, these deviations suggest 

that the process may not be fully under control, and further analysis is required. To gain a 

more detailed understanding, it is essential to also examine the X-bar chart. Table 4.3 

provides calculated values for central line and control limits. 
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Table 4.3 Control lines for R chart – Case 2 

 

 

 

Figure 18. R chart - Case 2 

Figure 19 represents the X-bar chart for Case 2, timber class BC, which is calculated and 

designed by using Equation (3.5) and constant value α = 0.48, for n = 6 (Montgomery, 

2013). It is very visible that from datapoint 16 onwards, there’s a clear downward trend, 

and the process eventually goes out of control with several points. The datapoints 7, 11, 17 

and 18 exceed the UWL, indicating a potential upward shift in the process. Next, 

datapoints 15 and 16 breaches the UCL, signaling a more significant deviation from the 

expected process average. On the lower end, samples 22 and 26 fall below the LWL, 

suggesting a possible downward shift. Furthermore, samples 25, 29 and 33 also go over the 

LCL, indicating a clear departure from the expected process average in the downward 

direction. After that, there is a slight upward trend, and the process seems to stabilize again 

within the control limits. Table 4.4 provides calculated values for central line and control 

limits. 

 

LCL LWL CL UWL UCL
0.625 1.250 2.977 5.121 6.580
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Table 4.4 Control lines for X-bar chart – Case 2 

 

 

Figure 19. X-bar chart - Case 2 

As suspected, the analysis of both the X-bar and R charts reveals that the process is not 

operating under control. The presence of data points exceeding the control limits on these 

charts indicates that there may be increased variability and shifts in the average moisture 

content. To address this, the values exceeding UCL and LCL are considered outliers and 

will be removed from the data. Next, a new average and range values will be calculated, as 

well as new warning and control limits, by following Equations (3.5) and (3.6). Once 

again, as the sample size is n=6, according to Montgomery (2013), constant values used in 

calculations are 𝛽0.001= 2.21, 𝛽0.025= 1.72, 𝛽0.975= 0.42 and 𝛽0.999= 0.21, and α = 0.48. 

Figure 20 provides a new R chart without outliers while Figure 19 provides a new X-bar 

chart without outliers. Tables 4.5 and 4.6 provide calculated values for new central line and 

control limits, for R and X-bar charts respectively. 

 

 

LCL LWL CL UWL UCL
5.144 5.620 6.57 7.526 8.002
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Table 4.5 Control lines for R chart without out-of-control points – Case 2 

 

 

Figure 20. R chart without outliers – Case 2 

After removing the outliers, it is evident that the updated R chart no longer contains values 

exceeding the control limits. However, it is important to note that two data points, 

specifically points 13 and 18, still fall above the warning limits. This suggests that while 

the overall process variation has improved, there may still be areas requiring further 

investigation to ensure complete process stability in the future. 

Table 4.6 Control lines for X-bar chart without out-of-control points – Case 2 

 

LCL LWL CL UWL UCL
0.579 1.159 2.76 4.746 6.098

LCL LWL CL UWL UCL
5.161 5.603 6.486 7.369 7.811
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Figure 21. X-bar chart without outliers – Case 2 

After removing the out-of-control values, the new X-bar chart, shown in Figure 21, shows 

that all remaining data points fall within the recalculated control limits. However, there are 

still several points that fall above warning limits (data points 13, 14, 18 and 21) and they 

should be carefully examined. Nonetheless, this new, revised chart provides a clearer and 

more accurate representation of the process performance, ensuring that the control limits 

reflect the true variability of the system. These new control limits can be used for process 

control in the future as they represent the real state of the process.  

Final control charts analysis is implemented for the same class of timber, BC, but this time 

with different dimensions for thickness, which is 20 mm. Length and width are the same as 

previous case, 225 mm and 41.5 mm respectively. Range values, as well as warning and 

control lines are calculated by following Equations (3.6). For this case the sample size is 

also n=6, and according to Montgomery (2013), constant values used in calculations are 

𝛽0.001= 2.21, 𝛽0.025= 1.72, 𝛽0.975= 0.42 and 𝛽0.999= 0.21. Finally, Figure 22 shows the R 

control chart for the third case. Table 4.7 provides calculated values for central line and 

control limits. 
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Table 4.7 Control lines for X-bar chart – Case 3 

 

 

 

Figure 22. R control chart – Case 3 

The R chart for Case 3 shows that the process variability is stable, with all points within 

the upper and lower control limits.  The range values fluctuate around the central line, 

indicating consistent variability of the process. This suggests that the process is under 

control regarding its variability. Additionally, any trends are not visible, which indicates 

random fluctuations. Nevertheless, the X-bar chart is also calculated following Equation 

(3.5), and constant value α = 0.48, for n = 6 (Montgomery, 2013).  This chart is provided in 

Figure 23 for detailed analysis. Table 4.8 provides calculated values for central line and 

control limits. 

 

 

 

 

 

LCL LWL CL UWL UCL
0.635 1.271 3.025 5.203 6.685



 

49 
 

 

Table 4.8 Control lines for X-bar chart – Case 3 

 

 

 

Figure 23. X-bar chart – Case 3 

The X-bar chart for Case 3 shows that the process is under control, with all mean values of 

the subgroups within the upper and lower control limits, but also no values above warning 

limits, LWL and UWL. The averages fluctuate around the central line, indicating that the 

process's performance is consistent with the expected variability. 

Before performing process capability analysis, CUSUM charts will be introduced and 

examined. As previously discussed, these charts are highly sensitive to small shifts in the 

process, making them an effective tool for analyzing the data across all timber cases. 

Following the calculation outlined in Equation (3.7) the cumulative sum will be calculated, 

and the corresponding charts will be presented. Figure 24 presents the CUSUM chart for 

Case 1. 

LCL LWL CL UWL UCL
4.424 4.908 5.88 6.844 7.328
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Figure 24. CUSUM chart – Case 1 

For all three cases, target value 𝜇 is set to be 8%, as this is optimal value for the moisture 

content in the wood. Based on this, it is visible that the trend is continuously decreasing, 

meaning that the values for moisture content are lower than the target value. Nonetheless, 

this means the timbers are well dried in the kiln.  

 

Figure 25. CUSUM Chart – Case 2 
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Next, the CUSUM chart for the second case is shown in Figure 25, which is designed after 

calculation of the cumulative sum by following Equation (3.7). This chart reveals notable 

differences compared to the previous chart for Timber 1. While it also exhibits a 

downward trend, similar to the first chart, the trend here is less consistent, with a slight 

increase observed between the 15th and 18th samples. These samples indicate a rise in 

moisture content, exceeding the target value of 8%, with averages ranging between 8.4% 

and 9%. Despite this fluctuation, the overall trend continues downward, suggesting that the 

timbers in this case are also under dried, with a few exceptions. 

 

 

Figure 26. CUSUM chart – Case 3 

Lastly, Figure 26 shows the CUSUM chart for the third case. Again, by following Equation 

(3.7) cumulative sum is calculated and then CUSUM chart designed. As it is noticeable, 

this chart has a downward trend, same as first and second case, meaning that the timbers in 

this case are also dried under the target value of 8%. 
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4.5. Process Capability Analysis 

After the implementation of control charts, a comprehensive process capability analysis 

will be conducted to assess the overall performance of the process. Detailed insights will 

be obtained by calculating capability indices such as Cp and Cpk, which will reveal how 

well the process meets specification limits. Based on the analysis results, areas for 

potential improvement will be identified. Process capability indices are calculated 

following Equations (3.9), (3.10) and (3.11). Detailed calculations are presented for Case 

1. 

where:  

d2 = 2.534 for n=6 (Montgomery, 2009)  

then 𝑅1
̅̅ ̅ = 2.72, and 𝑥̿1 = 6.55 

𝐶𝑝1 =
𝑈𝑆𝐿 − 𝐿𝑆𝐿

6σ̂
=  

12 − 4

6 ∙ (
2.72

2.534
)

= 1.24 

𝐶𝑝𝑘 = min(𝐶𝑝𝑘𝑢; 𝐶𝑝𝑘𝑙) = min ( 1.69; 0.79) = 0.79 

𝐶𝑝𝑘𝑢 =
𝑈𝑆𝐿 − 𝑥̿

3σ̂
=  

12 − 6.55

3 ∙ (
2.72

2.534
)

= 1.69 

 𝐶𝑝𝑘𝑙 =
𝑥̿ − 𝐿𝑆𝐿

3σ̂
=  

6.55 − 4

3 ∙ (
2.72

2.534
)

= 0.79 

 

Table 4.9 presents the calculated values for the all process capability indicies, which 

include both the process potential capability (Cp) and process performance indicies (Cpk) 

for all three cases. It is worth mentioning that the specification limits are established based 

on the moisture content deemed satisfactory for production. The upper specification limit 

(USL) is set at 12%, while the lower specification limit (LSL) is set at 4%. 
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Table 4.9. Values of Cp and Cpk indicies 

Measurement Cp Cpk 

Case 1 (class AB) 1.24 0.79 

Case 2 (class BC) 1.13 0.73 

Case 3 (class BC) 1.11 0.52 

 

The first case value for  Cp1  of 1.24 suggests that the process has the potential to have 

timbers within the specified range of moisture content if centered properly. More 

specifically, process is capabale. However, the calculated Cpku value of 1.69, and Cpkl value 

of 0.79 (upper and lower values) highlight an imbalance, as the process mean is closer to 

the lower specification limit than the upper. If these values were the same, then the process 

would be on target. As mentioned before Cpk is generally the lower of these two values, 

which means the overall Cpk for the process is 0.79, which is less than 1, indicating that 

the process may struggle to meet the lower specification consistently. 

The Cp2 value of 1.13, for the second case, indicates that the process has some potential to 

produce timbers within the specified range for moisture content, but this potential is 

slightly lower than in the first case. The calculated Cpk2 value of 0.73 suggests that the 

process mean is closer to the lower specification limit, the same as the first case. With a 

Cpk2 value being less than 1, there is a risk that the process may not consistently meet the 

specifications, indicating that the process might struggle to stay within the desired range. 

For the last case, the Cp3 value of 1.11 shows that the process is even less capable than in 

the previous cases. The Cpk3 value of 0.52 is particularly concerning, as it indicates a 

significant deviation from the target, with the process mean being very close to one of the 

specification limits. This low Cpk3 suggests that the process is unlikely to consistently 

produce within the specified limits, highlighting a need for substantial improvement to 

meet quality standards. 
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Conclusions 

Measuring moisture content in wooden products is a substantial aspect of production, as 

moisture can lead to significant issues both during manufacturing and, more critically, after 

the final product has been delivered to the customer. Improper moisture levels can 

compromise the structural integrity, appearance, and durability of the wood, making it 

essential to implement careful monitoring and quality control measures throughout the 

production process. 

In this thesis, the implementation of quality control charts and process capability analysis 

in the production of finger-jointed wooden panels provided valuable insights into the 

overall process. The findings revealed that in all three cases, the vast majority of timber 

was dried in the kiln beyond the target moisture content of 8%. This trend is clearly 

depicted in the CUSUM charts, which show consistent over-drying across all samples. 

For the first and third cases, the process remained under control, with only a few points 

exceeding the warning limits. These deviations suggest minor fluctuations within 

acceptable bounds, indicating that the process is generally stable. However, the situation 

was different for the second timber case, where the control charts showed that the process 

was not under control. Several points exceeded the control limits, warranting further 

investigation. 

Upon closer observation, it can be concluded that both timber placement within the kiln 

and drying time have a significant impact on moisture content. Timbers positioned in the 

central area of the kiln experience reduced airflow, leading to insufficient drying and 

higher moisture content during quality control. Furthermore, during the drying process, 

over drying the wood can result in negative consequences as well. Excessively low 

moisture content weakens the wood, making it brittle and more prone to damage during 

handling and further processes. Moreover, over drying consumes additional energy without 

providing any real benefit to the final product. Reducing drying times and optimizing 

airflow within the kiln can increase energy efficiency, lower operational costs, and 

maintain the desired moisture content more effectively. These adjustments will be essential 
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for improving drying processes, and future research should focus on optimizing timber 

placement and refining drying parameters to balance product quality and energy efficiency. 

The process capability analysis further supports these findings, indicating that while the 

process can produce timbers drier than the upper specification limit, it consistently failed to 

achieve the target moisture content of 8%. Instead, the majority of the timbers were dried 

to the lower specification limit or even below it, highlighting a significant area for 

improvement. 

The results of the analysis underscore the importance of precise control over the drying 

process to ensure uniform moisture content across all products. The current process shows 

potential for improvement, particularly in achieving the desired moisture levels more 

consistently. It was observed that a 35-day drying period was somewhat excessive, leading 

to over-dried timber. By addressing the identified issues, such as optimizing timber 

placement in the kiln and drying period, the production process can be refined to enhance 

product quality and meet customer specifications more reliably. 

In conclusion, by implementing SPC tools, potential causes of variation in timber moisture 

content were identified, providing valuable insights into the drying process. To further 

improve the process, continued use of SPC tools is recommended, including the 

application of Design of Experiments. This tool can be employed to test various factors 

and their impacts on moisture levels, helping to determine optimal conditions for more 

consistent and reliable moisture control.  
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