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ABSTRACT

Full Name : OMAR HAMOUD AHMED DEHWAH
Thesis Title : AMULTI-OBJECTIVES OPTIMIZATION MODEL FOR THE JOINT
DESIGN OF SPC AND EPC

Major Field . INDUSTRIAL AND SYSTEMS ENGINEERING
Date of Degree : December 2021

Two different approaches have been identified that are used for process control, enhancement and
improvement. These are statistical process control (SPC) and engineering process control (EPC).
These methods were developed in isolation from each other and are widely utilized in various
sectors. SPC targets to minimize changeability by examining and removing the assignable causes
of deviation whereas EPC can attain the same objective by means of adjusting process variables
to maintain the outputs of the process on target. Previous studies revealed that a joint design of
SPC and EPC has not been addressed in a multi-objectives framework. Therefore, the purpose of
the thesis is to design SPC and EPC jointly using multi-objectives optimization. In this thesis a
statistical and economic criteria are utilized for the joint design of SPC and EPC. A novel process
is designed that incorporates the merits of SPC and EPC. To demonstrate the benefit of the
integration of the two approaches a numerical example has been presented and discussed. It has
been observed that the integration of SPC and EPC leads to the earliest detection of assignable
causes. Furthermore, in order to guarantee the results are valid sensitivity analysis has been
conducted. In order to achieve the purpose of this thesis an efficient heuristic algorithm was
utilized to solve the model and obtain the optimal results. This algorithm is based on an extensive
search of the feasible region. At each iteration, the solution is obtained using BARON solver

embedded in GAMS. The results show that the Taguchi cost objective is proportional to the



expected net income objective function. In addition, sensitivity analysis is conducted to identify
the parameters that impact the model solution. The sensitivity analysis indicated the following
important observations; i. When the value of sigma is increased the power of the chart reduces. ii.
When the average time to find the assignable cause and penalty cost are increased, the expected

net income objective function decreases.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

In the area of enhancing productivity for industrial processes, Statistical process control (SPC) is
known to be amongst the top efficient first-rate innovative procedures that applies exclusive
statistical techniques. SPC can be described as the use of statistical methods or tools to manage
processes. SPC tools and tactics can assist in monitoring process behavior, discover troubles in
interior systems, and find proper solutions for production issues. SPC primarily employs statistical
control charts for separating the assignable and common sources of variation. Control charts
applications involve the use of several specialized and behavioral decision-making techniques
which are exceptionally noteworthy within the program of SPC and designing this methodology

plays a critical work in moving forward the firms’ normal quality and efficiency.

Engineering process control (EPC) is a general strategy for system optimization and process
improvement. EPC deals with the manufacturing process as an input—output system in which the
input factors adjusted to achieve the process target. The process output will be an estimation of the
process factors and variables that require control. EPC is typically used in the control of continuous
production processes. EPC is a collection of different techniques that are used to control the
flexible factors and variables to keep the method output near to the target. EPC offers instant
response which counteracts changes in the balance of a process and implements corrective actions
aiming to reduce the gap between the output and the desired target. A possible approach is to
predict the output deviation from target that would occur in case no control actions were considered

and then act in order to eliminate this deviation. Proper feedback and feedforward control strategies



can make process control actions possible by indicating when and by how much a process

adjustment is needed.

1.2 Statistical process control
Shewhart (1931) introduced the concept of SPC in the 1920’s and published his book on the topic.

Although, from the time it has been introduced, SPC has been employed in discrete manufacturing
environment to decrease error in the product/process, the SPC procedures do not focus on the real-
time automatic correction of the result. Therefore, engineers in control utilized engineering process
control to observe and correct the error in the process. The aim of statistical process control is to
detect and correct the assignable causes that compels the process to go out of control. This process

can be applied in both cases when the errors are independent and correlated.

1.3 Engineering process control

Even though statistical process control is commonly employed in order to reduce the process
variability, it is not essentially the most optimal technique in various scenarios, specially in the
event of a process where the mean drifts as shown in Messina (1992). To tackle these types of
processes, engineering process control can be used efficiently. The concept of engineering process
control can be classified in three points. Firstly, foresee the next observation. Secondly, to the
output classify a random variable. Finally, observe the variable such that the amount of control

action to apply can be figured to tweak the variable accordingly.



1.4 Research objective

The overall objective of this thesis is to design SPC (statistical process control) and EPC
(engineering process control) jointly using multi-objectives optimization. This approach has not
been utilized in the joint design of SPC and EPC as indicated by the literature review.

The specific objectives are: 1- identify relevant objectives for the multi objectives model. 2-
formulate the necessary constraints for the mathematical the model. 3- develop an efficient
algorithm for solving the model. 4- study the model applicability and sensitivity.

A method known as weighted sum has been used to acquire a solution for the multi-objective
optimization problem. In weighted sum method we have multiple objectives some of which need
to minimize while others maximized. The method converts all objectives to a single objective
function. These objectives are treated as goals, and they are scaled by multiplying each with user
specified weights. But these objectives cannot be compared because their values vary. To solve
this problem, we normalize the goals. The weighted sum, attempts to find a global Pareto optimal
set. A numerical example is used to test the formulated problem and also a sensitivity analysis is

carried out.

1.5 Thesis Organization

This thesis is organized in the following chapters:

Chapter 1 provides a general introduction about the topic and research objectives.
Chapter 2 summarizes the literature review.

Chapter 3 presents the problem statement.

Chapter 4 discusses the development of the integrated model.

Chapter 5 presents and discuses the result and the sensitivity analysis.

Chapter 6 conclude and summarize the thesis work and suggest some possible work in the future.



CHAPTER 2

LITERATURE REVIEW

Duncan (1956) was the first to propose the use of single objective for the design of X-bar control
chart in which he present a single-objective design for Shewhart X-bar control chart. Duncan used
an economic model that considers single assignable cause of production process. In (1971) Duncan
proposed multi-assignable causes with a new model. Furthermore, Hu (1984) designed the X-bar
control for process shift under non-Poisson distribution. Woodall (1986) figured that the economic
design method regularly not effective for designing control chart that are fast for detecting small
shift before actual losses happens. Also, in (1986) Lorenzen and Vance compared their model to
Duncan (1956) with changing average run length (ARL) of in-control and out-of-control system
instead of probabilities of types | and Il. Also, they developed different cost functions that were
used for the design of statistical and economic control charts. Moreover, Banerjee and Rahim
(1988) based on Duncan (1956) proposed a model by considering a Weibull failure mechanism.
In (1989) Taguchi et al. specified that the economic loss that occurs due to the deviation of quality
characteristic represents approximately a quadratic function. Moreover, Saniga (1989) improved
the Shewhart control charts and proposed it as the first statistical economic design and applied it
for the R and X chart to determine the parameters. Saniga in his model minimized the objective
function subject to constraint on type 1 and the power of the chart. Saniga, in (1989) considered
the economic design and statistical design which has three strategies, a) minimize out of control
average time to signal (ATS), b) discover an off-target process by optimizing sample interval and
sample size and lower and upper control limits without considering the economic principles, and

c) maximize ATS state the process in control.



In 1991, Evans and Emberton proposed bi-criterion design of process control charts based on multi
criteria decision making (MCDM). In addition, Amin, R.W. and R.W. Miller (1993) considered
the variable sampling intervals (VSI) control charts. After that, Celano and Ficher (1999)
optimized the cost of using X-bar control chart and type-1 and Il error probabilities with multi-
objective decision-making approach. Moreover, in (1994), Chung created procedure to find the
optimal solution for X-bar chart for the case of multi-assignable causes. Kennedy and Eberhart
(1995) developed the evolutionary computation technique which is particle swarm optimization.
Later, Castillo et al (1996) introduced a model for the creation of X charts which is subjected to
an interactive multicriteria nonlinear optimization technique. The user does not need to indicate
the cost of false alarms or losing control in the suggested approach. However, only the sampling
costs, which are usually simple to estimate, must be stated. In 1998, Bai and Lee studied the
economic design of X-bar control chart in sample intervals of variables. The economic design of
X-bar control model take different cost factors into the cost model. Those factors include cost of
false alarms, cost of finding and eliminating an assignable cause, cost of production in an out-of-
control state, and cost of sampling and testing. This method is used to determine optimal sample
size, sampling interval lengths, control limits, and threshold limits in order to choose one of the
sampling interval lengths. In the case of the joint economic statistical design of X-bar and S?
control charts, a statistically restricted model is generated to control both process mean and
variance. The goal is to decide the control charts' design parameters, which reduce the overall cost
of quality control. To extract the model, a Markov chain approach was used to study economic-

statistical design of X-bar and S charts by Yang and Rahim (2000).

Jiang and Tsui (2000) established an economic model for Automatic process control (APC)

controlled process monitoring by the SPC. Also he suggested an economic loss-based criterion,

10



the average quality cost (AQC) criterion, for evaluating SPC chart for monitoring the mechanism
managed by APC. Based on the AQC criterion as well as the conventional ARL criterion, three
different SPC charting methods, the Shewhart chart, the EWMS chart and the combined EWMA-
Shewhart chart are compared. It was found that the AQC criterion usually conforms to ARL
criterion even if APC control behavior balances the process change significantly. At the time this
occurs control chart output may rely significantly on the size of the cost of the diagnosis. Moreover,
the AQC assigns to each run-length likelihood a different weight proportional to the mean shift
transition, and thus offers more economic details than ARL.

Extending the related definition of the integrated AQC criterion determine the cost-effectiveness
of SPC monitoring under various feedback schemes such as MMSE and PID would be interest. As
known that the sample size and frequency greatly influence the choice of control charts. Our
current model only addresses a cost model with sample size and frequency set. Extending the
model to compare optimum control charts would be interest with the same set of
diagnostic, modification, and off-target cost conditions. Moreover, a more rational assumption

regarding the arrival of shifts in the current model is necessary.

Moreover, Montgomery (2001) displayed both the deviation and mean of the quality characteristic
by using Shewhart’s S and X-bar control charts widely. However, Chen and Yang (2002)
considered multi assignable causes of economic X-bar control charts with Weibull in control state.
Next, Linderman and Choo (2002) proposed the scenario-based approach for robust economic
design of a single process. They considered three discrete measures for cost parameters by using

several scenarios and calculated the suitable control chart parameters under all scenarios.

11



In 2004 Bakir and Altunkaynak designed a demonstration for deciding the shifts within
the handle mean and process changeability by the assistance of X-bar and R control charts. Also,
they changed from single objective to multi-objectives optimization problem to solve the new
model and established a multi-objectives economical model created on the statistical measures for
R and X-bar charts. However, Chen and Liao (2004) studied a potential combination
of design parameters, which includes: in-control average run length in (ARL), predictable cost per
hour (EHC), and power of detection (p) after out-of-control status for chosen parameters. In 2004,
Chen used Burr studied the statistical economic design of X-bar control charts for the case of non-
normal quality features. Later, Gulbay et al. (2004) determined the tightness of the inspection by

selecting a suitable alpha-level. Then used the alpha-cut control charts for linguistic data.

Duffuaa et al. (2004), suggested that the integration of SPC and APC together is better than either
one of them alone for process control. Also, a scheme to combine statistical process control (SPC),
engineering process control (EPC) and Taguchi's quality engineering (TQE) was proposed. Then,
to incorporate the proposed scheme, two models were included. To decide if an EPC action should
be taken by assessing the cost of the action and quality cost. A model is developed using Taguchi's
quadratic loss function. A trade-off between the costs involved offers the response as to whether

or not the EPC should be carried out.

Yu F.J. (2005) developed an economic model for variable sampling for continuous-flow process
of X-bar control chart. Most of the economic design studies of control charts rely on a fixed
sampling interval (FSI), but variable sampling interval (VVSI) control charts have been found to be
significantly faster in detecting process changes than FSI control charts due to a higher frequency
in the sampling rate when any hint of a process change was shown by a sample statistic. For a

continuous-flow production process, an economic design for a VSI X-bar control chart was

12



proposed. The findings of a numerical example taken from an actual case showed that the
economic nature of the control charts of the VSI was consistently lower in cost of loss than that of
the FSI method, which is a combination of four losses function. First part is the average hourly
loss when the process is out of control. Second loss function is the expected number of false alarms
before the process goes out-of-control. The third is the average hourly cost of finding and repairing

the assignable cause. The fourth is the average hourly cost of maintaining the control chart.

In (2007) Zarandi et al. considered fuzzy values for economic parameters and used genetic
algorithm for optimizing and apply adaptive neuro-fuzzy inference system to interpret the model.
To elaborate more, a fuzzy multi-objective model was proposed for the economic-statistical design
of the X-bar control chart, in which fuzzy membership functions express the input parameters.
Moreover, to transform the complex fuzzy multi-objective model into a fuzzy rule-base, an
Adaptive Neural-fuzzy Inference System (ANFIS) approach was used. Next, to find the best design
(input) parameters for control charts, a genetic algorithm (GA) was developed. Finally, by using a

numerical example, the proposed solution was checked and validated.

Gulbay and Kahraman (2007) proposed a new approach to fuzzy control chart based on fuzzy
transformation methods named as Direct Fuzzy Approach. Linguistic information was converted
into numerical values before the control limits are determined. Both control limits and sample
values are thus numeric. Using a-cut to provide the ability to determine the tightness of the
inspection, certain contributions to fuzzy control charts based on fuzzy transformation methods
were made. They developed a modern "Direct Fuzzy Approach (DFA)" as an alternative approach.
The proposed solution was very different in the sense that it does not include the use of

defuzzification, as opposed to the current fuzzy control charts.

13



Nenes and Tagaras (2007) under Bayesian scheme, economic-statistical model was studied for an
adaptive X-bar control chart for shift in the mean of the quality characteristics. A model for the
economic design of an adaptive X-bar chart was studied for short production runs subject to the
occurrence of assignable factors, which through either increase or decrease the average quality
characteristic. The probabilities that the process operates under the influence of an assignable
trigger are modified using Bayes ' theorem at each sampling case. The sample size and the control
limit of all three chart parameters, such as the time before the next instance of sampling, are
adaptive and depend on these probabilities. They derived properties that promote the estimation of
costs and ultimately the optimization of the proposed method. Then, by comparing its cost against
the expected cost of (a) a fixed-parameter Shewhart chart optimized for short runs and (b) a
variable-parameter Shewhart chart, optimized for an infinite phase. Then, Vommi and Seetala in
2007 minimized the cost function by use new approach (use interval parameters) in the economic
statistical design of X-bar control chart. Also, they proposed a method to robust economic design
of X-bar control charts and use genetic algorithm to obtain the best solution, using one of the

search tools which was genetic algorithm.

Vommi and Seetala (2007), recommended using a weighted robustness factor, proportional to the
likelihood of the scenario, to examine multiple scenarios. To find the optimum parameters of an
X-bar control chart, a risk-based approach has been employed. As a search method, the genetic
algorithm (GA) was used to find the best design (input) parameters for which to design the control
chart. In terms of the risks, they generated and after that compared the results of average based and
risk-based designs. The approach proposed, minimizes the possibility that the true parameters to
be used in the design will not be known, and it is robust to the true parameter values. A simple,

robust methodology for economic design for an X-bar control chart was discussed. In their

14



specified ranges, the design is robust to the values of the true cost and process parameters. In the
design, which is easy to understand, the concept of minimization of maximum risk has been used.
This method has the advantage of integrating statistical constraints into the design, which is very
important in the design of the control chart, in addition to the simplicity of the methodology. To
find the best design parameter set, the genetic algorithm has been used as an efficient search
method. This approach mainly assumes that no knowledge on the parameter distribution.

Based on statistical and economic criterion Yang and Sheu (2007) discussed the performance of
integrated EPC and SPC charts. To assess the efficiency of the multivariate EPC (MEPC) and
multivariate SPC (MSPC) chart, they suggested some statistical and economic parameters, such as
the average Euclidean distance from the goal vector and the average quality cost (AQC). In the
three MSPC charts, the typical average run length (ARL), average Euclidean distance and AQC
are investigated and compared. The results of the simulations show that in detecting minor changes
of the mean vector, the MEPC and multivariate generally weighted moving average (MGWMA)
chart is more efficient and more economical than both the MEPC / MEWMA chart and the MEPC
/ Hotelling multivariate chart. Most MEPC schemes are designed to respond to process disruptions
and do not make any attempt in the MIMO framework to eliminate the assignable cause. It is
possible to use the MSPC chart to monitor, classify and subsequently remove assignable cause.
They compared the performance of the MSPC charts in a statistical and economic sense, according
to the proposed criteria. If the method has an assignable cause that contribute to sustained changes,
combining MEPC and MSPC charts often results in the reduction of overall variability. The MEPC
I MGWMA chart is more reliable and more economical than both the MEPC / MEWMA chart and
the MEPC / Hotelling multivariate chart, in particular when detecting minor changes of the mean

vector due to the added adjustment parameter. The MEPC / Hotelling multivariate chart is the most
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efficient when the change is high, unlike the MEPC / MGWMA chart. The proper use of both

MEPC and MSPC in multivariate cases will often outperform the use of either alone.

Li et al. (2009) investigated data envelopment analysis (DEA), a multi-criteria Branch and bound
method for designing the X-bar control chart. The model decreases the need to

indicate the statistical bounds and the difficulty of estimating costs

Asadzadeh and Khoshhalan (2009) obtained the optimal design for control chart once the objective
function of the cost was expanded to multi-assignable causes by applying data envelopment
analysis. A potential combination of design parameters was considered. The decision-making unit
was defined by three attributes: hourly expected cost, chart detection capacity, and average run
length in-control. They designed control chart using multiple-objective decision-making.
Moreover, since multiple assignable causes occur in actual life, the cost feature was generalized
from single to multiple assignable causes. To solve the multiple-objective decision-making
(MODM) model, an algorithm using data envelopment analysis was applied. Carolan et al. (2010)
considered the X-bar control chart economic design, sampling intervals and sample size variable
and adaptive. Then a two-stage model that utilizes continuously variable intervals of sampling was
proposed. Modeling the situation as a Markov chain, for any arbitrary set of design parameters,
the hourly cost was generated. In contrast with a conventional two-stage approach where the
sampling interval alternates between two fixed values, this proposed approach is found to be more
economically desirable. A fixed sampling interval, h, sample size n, and position of the control
boundary were used in previous work in the field of economic design of X-bar control charts.
Improvements to this basic design included the implementation of variable parameters and a two-
stage procedure. Also, the economic design of X-bar control charts with continuously variable

intervals of sampling was proposed. This study contributed to the field such that it enables the
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extremity of the most recent sample to be determined by the sampling interval. The sampling
interval proposed here is genuinely continuous and not a fixed pair (for example hl and h2) of
sampling intervals. A cost model was built for long-run hourly costs and a tool was given to find
the most suitable design parameters. The results of the economic design of X-bar charts with
discretely variable parameters are compared to those of X-bar charts with continuously variable
sampling intervals in the economic design. It demonstrates that the proposed continuously variable
sampling interval method is more cost-effective than that of the variable form. The suggested
continuously variable sampling interval method is superior to the discretely variable parameter
model when directly compared using analog process and cost parameters and gave lower the long-

run hourly cost (LRHC) in all instances.

Sun and Wang, (2010) proposed integrated SPC and EPC economic design methodology, which
analyses the effect of special cause and the economic design of the integration of SPC and APC
based on quality statistical properties is given in view of the first order dynamic process with
ARIMA disturbance (0,1,1). The operational cost is minimal via this approach and the necessary
statistical properties are simultaneously considered. Such research findings which provide some
theoretical basis for the design of the control of EWMA variance. In addition, extends the
economic design model with constraints on the basis of the general method of integrating the SPC
and APC. The model not only ensures that production costs are reduced, but also takes into account
the statistical property of the quality overall process, which offers new opportunities and
probabilities for improving production quality and cost reduction.

Saif et al. (2011) present an integrated scheme that shows the mutual application of SPC and APC
for process monitoring and adjustment under fuzzy logic interaction. The main purpose of their

paper was to create an integrated scheme that incorporates the use of process monitoring
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techniques from SPC and APC, as well as its adjustment under fuzzy logic interaction. Saif et al.
intend to maximize its level of quality and efficiency, as well as robustness, by driving any process
under the proposed framework. Also, Akram (2011) suggested process improvement through the
use of integrated statistical and automatic processes control approaches. SPC's main emphasis was
on process tracking, while APC's focus was on process change. Both techniques were originally
thought to be in conflict with each other due to the information gap between the proponents of
these two approaches, and their combined usage was entirely out of doubt before their proponents
realized that the strategies implemented by these approaches were compatible rather than

contradictory.

Safaei, Kazemzadeh, and Niaki (2012) used non-dominated sorting genetic algorithm-11 (NSGA-
I1) to generate the Pareto optimal solution of X-bar control chart. They compound the intangible
external costs and the Taguchi lost function in the economic design of X-bar control chart. The
most common control charts that can be used to track variable quality characteristics in a
production process are the Shewhart charts and by integrating the Taguchi loss function and the
intangible external costs, a multi-objective model of the economic statistical architecture of the X-
bar control chart is first proposed. The model minimizes the average cost of hourly loss while
decreasing the average run length out-of-control and maintaining reasonable in-control average
run length. To obtain the Pareto optimal solution of the model, a multi-objective evolutionary
algorithm, namely NSGA-I11, was generated and used. Next, such sensitivity tests are conducted to
analyze the influence of parameter estimation on the output of the table. Then, a comparative
analysis with a conventional economic design model showed that the X-bar control charts
proposed multiple goal design that gives practitioners a stronger methodology and more realistic

performance. The X-bar chart, considering the Taguchi quadratic loss function and, a multi-
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objective economic statistical design was proposed. Comparisons with the conventional model of
economic design demonstrate that the multi-objective model was proposed can overcome the
limitations of traditional models. The results obtained showed the superiority of the proposed
method, since the detection capacity of the control chart can be enhanced by a small increase in
the hourly expected cost. Then Park et. al (2012), investigated the average run length (ARL) which
is determined by processes using APC and SPC. However, as a calculation of economic design,
ARL may not be suitable as it does not take into account the difference in run length. Yang et al.
(2012) found the optimal design of S and X-bar control charts by using multi-objectives particle
swarm optimization algorithm (MOPSO). Akram et al. (2012) studied the integration of SPC and
(APC). For process control, SPC was used, while APC was used for process modification.
Research regarding an operation incorporating both APC and SPC, a significant amount of work
has appeared. Akram et al. discussed the SPC and APC preliminaries and highlighted the key

procedures applied by both.

In 2013 Faraz and Saniga used genetic algorithm for optimizing two objective functions for single
objective economic statistical control chart. As an alternative to control charts, they discussed
multi-objective models as the primary instruments of statistical process control. Instead of
providing a single optimal solution, these provide a collection of optimal solutions and thus allow
the consumer to tailor their solution to the temporal imperative of a particular industrial situation.
They proposed a solution to a well-known industrial problem and compared optimal multi-
objective models to single objectives economic models. Amiri et al. (2013) considered multi-
objectives economic-statistical design of MEWMA control chart. The cost function, however,
often depends on statistical characteristics and, as the primary objective, minimizing it was not an

effective method of economic statistical design of control charts. The targets considered by the
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authors were: to include the likelihood of Type I error, the power of the X-bar control chart, and
the Average Time to Signal (ATS); the corresponding constraints are used. Then, to obtain the
Pareto optimal control chart design solutions, a Multi-Objective Genetic Algorithm for Economic
Statistical Design (MOGAESD) was proposed. Then, Bashiri et al. (2013) extended the work of
Amiri et al. by including ATS and cost function to the model and suggested to use a multi-
objectives genetic algorithm to get the optimal design of X-bar control chart with multiple
assignable causes.

Lupo (2014) considered random process shifts and Taguchi function to improve the multi-
objectives design of X-bar control chart by applying mixed integer models. Also, by considering
Taguchi and random shifts of the process, Luop used mixed integer numerical model to optimize
the multi-objectives X-bar control chart. Integrating both SPC and APC techniques was
highlighted in Saif (2014) by tracking and removing the assignable causes of variance, SPC
minimizes uncertainty, while APC achieves the same purpose by managing manipulated process
variables to maintain the process outputs on target. Initially, both methods were perceived to be in
competition with each other, before their supporters realized that the strategies being introduced
were complementary. Moreover, Mobin et al. (2015) used (NSGA-II) to generate the Pareto
optimal frontier of an X-bar control chart. The economic use of a control chart includes the design
of the optimum parameters for the sample size, the frequency of sampling and the chart control
limits. Through a two-stage multi-objective optimization process, Mobin et al. investigated the X-
bar control chart design. In creating an X-bar control chart, the multi-objective formulation
represents the different objective needs. Morabi et al. (2015) proposed a design of X-bar chart by
using particle swarm algorithm to optimize a multi-objectives control charts with fuzzy process

parameters. Control charts design involves choosing such design parameters as sample size,
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control limits, and frequency of sampling. The design of X-bar control charts was formulated as a
multiple objective decision-making problem (MODM) defined by three criteria: estimated hourly
cost, average run length in control, and control chart detection capacity. They recommended a
hybrid approach based on an evolutionary algorithm in order to solve the MODM problem. An
epsilon constraint was implemented with particle swarm optimization (PSO) was utilized to solve
the multi-objective model. Safaei et al., (2015), designed control charts to track the service and
production processes. The fact that there were unknown parameters in many processes was an
obstacle to obtaining the best control graph design. The economic statistical design (ESD) of the
X-bar control chart was discussed, using a robust optimization method that takes into account
interval estimates of unknown parameters. To obtain the robust scheme of the control chart, a
heuristic algorithm was developed. Numerical and simulation studies indicate that the proposed
X-bar control chart provides practitioners with a stronger methodology and more accurate
solutions. Then, Moghaddam et al. (2016) presented an economic design for multi-objectives of
aggregate count of adjustment control chart. Also, proposed a multi-objective optimization
approach for the combined radar-radiometer soil moisture estimation was provided with emphasis
on physics-based techniques. The estimation of soil moisture was demonstrated by applying this
method to high-resolution SMAP radar and coarse-resolution radiometer data. Then, comparisons
were made with the active-passive soil moisture production data result of the SMAP baseline. A
strong agreement was observed between the two techniques, especially in the capture of the spatial
distribution of soil moisture. In (2016) Tavana et al. utilized two methods to overcome the fact that
the method used for single-objective optimization is not appropriate when a multi-objective
optimization problem is to be solved as it may contradict each other. Also in this work various

optimization problems are solved by multi-objective particle swarm optimization algorithm
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(MOPSO). MOPSO can be used to solve computationally intractable optimization problems as the
MOPSO algorithm is a direct and easy method according to Tavana et al. (2016).

Seif, Asghar (2018) presented the Modified Average Time to Signal (AATS) control chart with a
multi-objective economic statistical design of VSS T?2as the statistical objective and the estimated
cost per hour as the economic target. Also, they proposed a multiple assignable cause for the shift
process using multi-objectives genetic algorithm for economic design of control chart and T2
control chart. The above review reveals that the economic cost of the joint design of SPC and EPC
have not be designed jointly in a single multi-objectives optimization

John (2019) developed an integrated engineering process control (EPC) and statistical process
control (SPC) methodology. Design, methodology and approach-Pulp bleaching were a
mechanism by which cellulose was removed by chemical treatment from impurities found in
cooked wood chips. Since the responses were automatically correlated, to model the responses,
dynamic regression was used. Then, by fuzzy optimization technique, the optimal chemical dose
that would maximize the pulp brightness and viscosity at the same time was calculated. The author
was trying to build an integrated EPC-SPC methodology for monitoring and managing multiple
performance features simultaneously. Using a dynamic regression technique, the approached aim
was to develop models for each output characteristic and identify the optimum adjustment required
using fuzzy logic.

Imanian et al. (2020), control charts were applied to the output of the managed process by using
automated process control; consequently, points which were beyond the predefined control limits
were marked. SPC and control charts were used for the first time to track and regulate the managed
pressure drilling (MPD) process. It was demonstrated that applying SPC to the APC performance

will increase confidence in controlling the process in the presence of random and special causes
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and under different operating conditions. A novel five-step approach to monitoring and managing
the MPD process was therefore used in their analysis. Imanian used control charts for the first time
not only to enhance the control of "APC monitoring systems" but also to assess the efficiency of
various methods of APC. The fuzzy adaptive APC approach showed the best performance in
managing the MPD process during the drilling activity of oil wells, based on the current and

previous evaluation criteria.

APC can more precisely control individual process parameters, but it is unable to manage the
distribution for those parameters. It also can not anticipate the controlled output process and the
control state. Since SPC is contrary to APC, it will learn to balance their weakness and carry more
control effects from other strong points. Regardless of the fact that it is triggered by an assignable
cause or a random disruption, the combination of the SPC and APC system will keep the process
in control. The smart integration of APC and SPC is an optimization method for controlling the
production process. Based on the difference in the control object, intellectualized approaches may
be used, such as artificial intelligence, fuzzy control, artificial neural net and expert system.
However, the use of APC techniques for process regulation and the use of SPC techniques for
monitoring has been used by most of the integration strategies contained in the literature, while
others derived SPC controllers based on the APC loop knowledge and applied their use alone; this
does not provide a real sense of integration. Previous studies have focused on integration of SPC
and APC by using single objective. They used several methods and charts such as Shewart control
chart, EWMA control chart, MMSE-controlled process, Proportional-integral controller, fuzzy

logic and Taguchi quality loss function. However, integrating SPC and EPC using multi-objectives
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is not yet performed. The main purpose of this thesis is to design statistical process control (SPC)

and engineering Control (EPC) jointly using multi-objectives optimization.
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CHAPTER 3

PROBLEM STATEMENT

3.1 Introduction

This chapter presents the joint design of SPC and EPC. It will also discuss the targets and goals
that are required for applying SPC and EPC. As these two methods are applied in different sectors,

the importance of the methods will also be explained in their respective areas.

3.2 Problem Statement

SPC and EPC have been identified as two different approaches used to assess the quality
improvement and process adjustments. These methods were developed in isolation from each other
and are widely utilized in various sectors. SPC examines the causes of variation and then eliminates
them whereas EPC is frequently employed to reduce the variability by applying online
adjustments of some process inputs on a regular basis. Initially, both techniques were believed to
conflict each other, until it was realized that the methods are complementary. The design of SPC
includes the determination of sample size, sampling frequency and control chart limits. The
determination of the design parameters are made based on statistical or economic objectives. The
statistical design of SPC takes into consideration the average run length (ARL), type | and type Il
errors. Various models are developed in the literature and presented in the previous chapter. EPC
was developed with the aims to control processes and make the quality characteristic remains
closer to the target. In the design of EPC the following items are determined first: The loss cost
due to product characteristic (A), production measurement cost (B), production cost adjustment
(C), production tolerance (A), present production measurement interval (n,), present production
control limit (D,). The aim of the economic design of EPC is to determine the optimal parameters
that include the sampling frequency and the limits of the production control. In the joint design of
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SPC and EPC it is required to identify all relevant constraints as they relate to SPC and EPC design.
Then the constraints will be used to develop the multi-objectives optimization model together with
an efficient algorithm to solve the model. The use of the model will be demonstrated by a realistic

example.
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CHAPTER 4

THE INTEGRATED MODEL

4.1 Introduction

The purpose of this chapter is to present a multi-objective optimization model for the joint design
of SPC and EPC and demonstrate its utility by a numerical example. The model results indicated

that

1- The Taguchi cost is proportional to the expected net income, as Taguchi cost increase, the
expected income decrease.
2- The value of the interval between samples (k) ranges between 0.5 and 0.85 hour.

3- The power of the SPC chart range between 0.913732 and 1.
The rest of the chapter is organized as follows:

Section 4.2 states the model including notations, assumption and it details followed by a numerical
example in section 4.3. Section 4.4 presents the algorithm developed for solving the model and the

model results. Section 4.5 outlines the results of the sensitivity analysis.

4.2 The Proposed Model

This section is organized in several subsection. Subsection 4.2.1 presents the notations and the
model assumptions followed by subsection 4.2.2 that provides the multi-objective model in

dividing its objectives and constrains. Then subsection 4.2.3 present the adjustment of the model.

This subsection presented the model notations and the model assumptions. the following notations

is used for the model development.
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4.2.1 Model Notation and Assumption

The following table defines the acronyms used throughout the thesis.

Table 4.1 Table of acronyms used for the model

E(A): The expected net income per hour.
E(C):The expected net cost per cycle.
E(T):The expected cycle length.

W;: average time taken to find the assignable cause after a point has been found
to fall outside the control chart limits.
B: cost per measurment of the production characteristics.

C: cost per adjustment.

D: adjustment or control limit.

7 the average time for occurrence of the assignable cause.

A: Assignable cause follows poisson process with rate A.

h:interval between samples.

k:the control limit within terms of standard diviation

n:sample size.

Vy:net income per hour of operaion in the in — control state.

V,: net income per hour of operaion in the out — of — control state.
a,: fixed component of sample cost.

a,:variable components of sample cost.

az: the cost of finding an assignable cause.

aj: the cost of investigating a false alarm.

a,: The hourly penalty cost associated with production in the out of control state
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a:the probablity of false alarm (type — I error).
p:the probability of type — Il error.
P =1 — B:the probability that the assignable cause will be detected.

g: A constant used to estimate the average time of sampling, inspection,
evaluation and plotting for each sample (gn).
o : standard deviation

7: The expected time of occurrence of the assignable cause within the interval between
two samples

P(s): The detection power of the economical control chart (after out of control status),
p. : The lower bound of the economical control chart detection power

ay : The upper bound of the type — I error

l: time lag of measurement

0Z2:measurement error

®(z): The probability density function of the standardized normal distribution
6: The number of standard deviations o in the shift of process mean y,

A: tolerance of the product characteristic

A: in — plant cost of reworking or scrapping a unit that falls outside of tolerance
interval

U: predicted average number of product between successive adjustment

uy: current average number of products (unit)between successive adjustment.

Dy: current adjustment or control limit.

In this model development, the below assumptions were implemented:
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1- The process start in statistical control status.
2- Only one type of assignable causes can lead to a fixed shift in the process.
3- The assignable cause is a Poisson process which has rate of 4, and the time interval where

the process holds an in-control status is an exponential random variable which has a rate
of = hours
3 .

4- The sampling data is assumed to follow normal distribution.

4.2.2 Multi-objective Model for The Design of the X-bar Control Chart

It is assumed that the assignable cause is a Poisson process that has rate of A. Therefore, the time

interval where the process holds an in-control status is an exponential variable which has a rate of
% hours. The sampling data is assumed to follow normal distribution. The process mean changes
from po to py + 8 * o, & is known, when an assignable cause occurs. W; is the time it takes

between detecting an out-of-control point and restoring the process to in-control status and even if

there is a detection of an out-of-control point the process is not fixed.

Four measurable performances can be obtained by taking into account the mentioned assumptions.
Firstly, on account of the Poisson occurrence of the assignable cause, % is the expected time interval

that the process remains in statistical control status. Secondly, equation 4.1 shows the error in each
sampling (probability of false alarm, a(s)). While the process is in control state. it can be defined
as the reciprocal of the ARL. Thirdly, equation 4.2 represents the conditioned expectation time of
assignable cause that occurs between every two succeeding samples (provided the assignable cause
takes place in the respective range). Moreover, the time interval between succeeding samples is

denoted by h. Finally, equation 4.3 denotes the detection power P(s) after the process enters in
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out-of-control status, for each sample. Where %denotes the expected number of samples taken

prior to detecting the mean shift and ®(z) is the standard normal probability density function.

—k
a(s) = 2f d(z)dz (4.1)
UDR Je=At(t — jh)dt 1 — —Ah
- f]h G+Dh Sl -7 +/1h/1)he (4:2)

I Ae M qe A(—e™)
—-k-8Vn o0

p(s) =j CD(Z)dz+j d(z)dz (4.3)
—o0 k—&vVn

Various types of operating measures can be found in the review including the measures as shown

above. For example, an estimate of the number of samples while the position of the process is in

a state of statistical control. The estimate can be evaluated to be ﬁ and therefore the number of

false alarms expected in this period can be derived to be calculated by % Observing Fig.4.1, it

is easy to understand the complete process cycle and both the status: in-control out-of-control.

g is defined as the mean time elapsed, when every sample goes through inspection, evaluating,
plotting and sampling. This constant g is proportionate to n (sample size). Hence g * n is known
as the time delay in this phase. The time elapsed between each consecutive samples is defined as
h in Fig.4.1. In the duration of two samples, the expected time of occurrence of the assignable
cause can be defined as t. The duration of dealing with the assignable cause and returning the

process to the status of in-control can be defined by a constant W,.
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32



Model Objectives Functions

Objective 1
B € A[D* D*m+1
— _ = - (=" - 2
L_n+ﬁ+A2[3+ﬁ< > +l>+am] (4.4)

Obijective 1 represent the total quality cost per product where the first term shows the diagnosis
cost per product and the second term shows the adjustment cost per product, last term consists of
the loss when process in-control and out of control, additional to that measurement error

respectively.

Objective 2
h asae
E(C + a4( — —r+gn+Wt)+a3+ﬁ C
by ~EO _y, (arram_o(p S
() I+m—‘t+gn+wt

Objective 2 represent the expected net income per hour. First term is the net income per hour of
operation in the in-control state V, the second term (a, + a,n) represent the cost of taking a
sample of size n, the third term a4 represent the penalty cost of operating in the out-of-control
state for one hour, third term represent the cost of finding an assignable cause a3, fourth term was
the cost of investigating a false alarm is a3 , fifth term B represent the cost per measurement and

last term represents the cost per adjustment over the control limit D.

Objective 3

—k—6vn ()
p(s) =J_ ®d(z)dz + fk_w_tb(z)dz (4.6)
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Obijective 3 represent the detection power p(s), where @(z) can be obtained from the prepared

table of standard normal cumulative distribution function or from the following formulation

o(z) = [* ez du (4.7)

Model Constrains

In our multi-objective model, the decision variables are sample size (n), the time interval between
successive sample (h), the control- limit width in term of standard deviation ¢ (k) and adjustment
or control limit (D). The decision variables in the control chart constrains are n, h, k and D denote
by s = (n, h, k, D), For the problem in the aforementioned multi-objective control chart note that
ne Z* is discrete and h, k and D are continuous variable such as h, k, D € R*. Complex multi-
objective decision-making methods using computer algorithm can be applied to select the best

compromise solution for the previous mathematical model.

In the multi-objective economic design of the X-bar control chart four decision variables (n, h, k,

D) must satisfy also following context: -
Nmin =n< Nmax (48)

The range of sample size (n) is confined between two values one of them will be the minimum and

other will be the maximum.

hmin < h < hiax (4.9)
h (the sampling time interval) has a range set between two values and the unit of h is hour.

kmin < k < Kmax (4.10)

There is a range for the control limit width of the standard deviation o.
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Dinin < D < Dingx (4.11)
Adjustment or control limit range will be between two values.

p(s) =P, (4.12)
Represents the lower bound of the detection power.

a(s) < ay, Vs = (n, h,k D) (4.13)
Represents the upper bound on the type-I error

ay : the upper bound of the type-1 error.

P, : the lower bound of the detection power

p(s) shows the power of control chart and a type | error or the probability of false alarm

4.2.3 Adjustment or control limit (parameter D)

In case of a deviation of a quality characteristic from the target, then the process is adjusted to
make the quality characteristic be closer to the target. In the United State (Taguchi, G. 1985) in
case if there was a deviation from the quality target but non-defective produced then no actions

were taken, they are mainly focusing in minimizing the control cost.

On the other hand, in Japan (Taguchi, G. 1985) they focus to minimize the deviation of the quality
characteristic from the target. Generally, two factors lead to the optimal solution which are the

cost-emphasis and quality-emphasis methods.

In feedback control system, measuring the quality characteristic of the products produced by a
process. If the result of the measured quality characteristic differs from the target, then the process

condition will be adjusted to make the quality characteristic close to the target. Adjustment and

35



measurement of the process conditions is costly, and for the feedback control system there were a

small number of factories using the quality control which is based on economic matter.

4.3 Numerical Example (parameter D)

The following example was obtained from Montgomery book (2009) and Taguchi (1989).

“It is estimated that the fixed cost of taking a sample is $1(a,). The variable cost of sampling is
estimated to be $0.10 per item (a,), and it takes approximately 1 min (0.0167h) to measure and
record the wall thickness of an item (g). The magnitude of the shift (8) is approximately two
standard deviations. Process shifts occur at random with a frequency of about one every 20 hours
of operation. The exponential distribution with parameter A= 0.05 is a reasonable model for the
time the process in control. The average time required to investigate an out-of-control signal is 1
hour (W,). The cost of investigating an action signal that results in the elimination of an assignable
cause is $25 (as), whereas the cost of investigating a false alarm is $50 (a3). the manufacturer
estimates that the penalty cost of operating in the out-of-control state for one hour is $100 (a,)”
(Castillo et al., 1996, p. 467-474). Loss due to a defective piece $6 (A), measurement cost $ 1.5
(B), adjustment cost $12 (C), time lag is 3 unit (I), net income per hour of operation in the in-
control state is 200 (V,)), observed average adjustment interval (u,) 180 unit, current control limit
3um (D,), tolerance limit 10 um (A).”

Constrains

2<n<20

2<k<4

2<D<3

a(s) <0.05
p(s) =>0.7
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The proposed algorithm to solve the model consists of the following main steps and also described

in figure 4.2

Set Range for some decision variables (n,k,D)
Set values for parameters (1,B,C...¢etc)
Set the limitations that are involved in fulfilling the objectives (n,k,D,a,p)
Assign weight for each objective function.
Note that the summation of all objective function weight must be equal to 1.
Solve the multi-objectives optimization model as single objective for the joint design of
SPC and EPC using BARON.
I.  Calculate the values of Taguchi cost objective function.
Il.  Calculate the values of the expected income per hour objective function.
I1l.  Calculate the values of the detection power of the chart objective function.
IV. Calculate the values of the weighted sum.
Find the optimal weighted sum.
Find the optimal Taguchi cost objective function.
Find the optimal expected income per hour objective function.

Find the optimal detection power of the chart objective function.

10- Find the optimal value of the decision variables (n, h, k, D).

11- Find the optimal Pareto chart.
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Set Range for some decision variables (n.k.D)

Set values for parameters (A.B,C. . etc)

Assign weight along with each objective function.

Set the limitations that are involved in fulfilling the objectives (nk D.a,p) >
Solve the multi—ohjecti_ves optimization mude! as single objective for the joint |
design of SPC and EPC using BARON.
|
! _ ! !
Calculate the values of Taguchi Calculate the values of the expected Calculate the values of the detection Calculate the values of the
cost objective function. income per hour objective function. power of the chart objective function. weighted sum.
v
: : : Find the optimal Taguchi cost Find the optimal expected income Find the optimal detection power
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decision variables (n, h, k, D).

Figure 4.2 The proposed solution algorithm
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4.4 Results and Analysis

A program is developed to solve the integrated model which is a multi-objectives optimization
model for the joint design of SPC and EPC by using the BARON solver embedded in GAMS
software. As the problems in this model are factorable, in the branch-and-reduce algorithm solver

(BARON).

Different weights are used for each objective to find the optimal point for each weight. Basically,
when the weight is close to 1, the optimal result for the respective objective and when it is close
to zero it will give the worst result. A total of 33 experiments were tried for different weights for
the objectives functions in Table 4.2 and result at the end with the Pareto optimal points obtained
by performing a domination check as shown in Table 4.3. It can be observed from the results in
Table 4.2 that the optimal value of the weighed sum is between 0 and 1. The value of interval
between samples (h) between 0.5 and 0.85. while the power objective function values are between
0.913732 and 1. However, the values of the expected income objective function fall between
172.0839 and 177.2175. Also, the values of the Taguchi cost objective function are in the range of

4.469333 and 7.907547. These observations can also seen from the Fig 4.3.

The comparison between detection power objective function and the expected net income
objective function is shown in the Fig4.4, while Fig4.5 describes the relation between detection
power objective function and Taguchi cost objective function. Moreover, Fig4.6 illustrate the

relation of Taguchi cost with the expected net income objective function.

Alpha has no proportional relation with the expected income per hour (objective function) and the
value of interval between samples (h), such that when alpha decrease then the expected income
per hour will increase and the value of interval between samples (h) increase. However, when beta
decrease then the power of chart will increase.
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Table 4.2 Weighted sum method results

Weights Optimal Tacgotghl Income Power variable

# | w1 | w2| w3 obj obj1 obj2 obj3 | N| K D h

1] 01 0.8 | 0.1 | 0.10536 | 7.18868 | 177.1105 [ 0.97128 | 4 2.1 3 0.55864
210107 ] 02]0.11285 | 7.18868 | 177.1105 | 0.97128 | 4 | 2.1 3 0.55865
3(01] 06| 03 (0.12035 | 7.18868 | 177.1105 | 0.97128 | 4 | 2.1 3 0.55865
4 1 0.2 0.7 | 0.1 | 0.18134 | 6.84776 | 176.9725 | 0.97128 | 4 2.1 2.9 0.55865
51 0.3 0.6 | 0.1 | 0.21289 | 5.31651 | 176.1105 ( 0.97128 | 4 2.1 2.4 | 0.55864
61 04| 05 | 0.1 | 0.19480 | 4.53644 | 175.3961 | 0.97126 | 4 2.1 2.1 0.55864
7 0 0.00000 | 7.90755 | 177.2175 [ 0.91373 | 3 | 2.1 3 0.52192
8 0.00001 | 4.46933 | 172.0839 ( 0.99929 | 7 | 2.1-4| 2.1 | 0.84769
9 0 0.00000 | 7.90755 | 172.0839 1 20 2.1 | 2.1-3 | 0.84769
10 0.8 | 0.1 | 0.1 | 0.04554 | 4.47384 | 174.9776 | 0.99744 | 6 2.1 2.1 0.60673
11| 0.1 0.1 | 0.8 | 0.04996 | 4.46933 | 174.7496 | 0.99929 | 7 2.1 2.1 0.62689
12| 0.7 | 0.1 | 0.2 | 0.04627 | 4.47384 | 174.9776 [ 0.99744 | 6 | 2.1 2.1 | 0.60673
13 0.7 | 0.2 | 0.1 | 0.08629 | 4.49264 | 175.2004 [ 0.99115( 5 | 2.1 2.1 |[0.58480
14 0.2 0.1 | 0.7 | 0.04973 | 4.46933 | 174.7496 | 0.99929 | 7 2.1 2.1 0.62689
15| 0.2 0.6 | 0.2 | 0.18426 | 6.51840 | 176.8247 | 0.97128 | 4 2.1 2.8 | 0.55865
16| 0.6 | 0.3 [ 0.1 | 0.12490 | 4.49264 | 175.2004 [ 0.99115( 5 | 2.1 2.1 | 0.58481
17 ] 06 | 0.1 | 0.3 | 0.04699 | 4.47384 | 174.9776 [ 0.99744 | 6 | 2.1 2.1 | 0.60673
18| 0.6 | 0.2 [ 0.2 | 0.08856 | 4.49264 | 175.2004 [ 0.99115( 5 | 2.1 2.1 | 0.58480
19 0.2 | 0.2 | 0.6 | 0.09266 | 4.47384 | 174.9776 [ 0.99744 6 | 2.1 2.1 | 0.60673
20| 0.3 [ 0.1 | 0.6 | 0.04916 | 4.47384 | 174.9776 | 099744 | 6 | 2.1 2.1 | 0.60675
21| 01 | 0.3 | 0.6 | 0.11104 | 6.17717 | 176.4702 | 099116 | 5 | 2.1 2.7 | 0.58481
22| 09 [0.05]|0.05| 0.02343 | 4.47384 | 174.9776 | 099744 | 6 | 2.1 2.1 | 0.60675
23/ 0.05(0.05| 0.9 | 0.02616 | 4.46933 | 174.7496 | 0.99929 | 7 | 2.1 2.1 | 0.62689
241 0.5 [ 0.3 | 0.2 | 0.12717 | 4.49264 | 175.2004 | 0.99115| 5 | 2.1 2.1 | 0.58481
25| 0.5 [ 0.2 | 0.3 | 0.09049 | 4.47384 | 174.9776 | 099744 | 6 | 2.1 2.1 | 0.60673
26| 0.5 | 0.4 | 0.1 | 0.16127 | 4.53644 | 175.3961 | 0.97126 | 4 | 2.1 2.1 | 0.55864
27 | 0.5 0.1 | 0.4 | 0.04771 | 4.47384 | 174.9776 | 0.99744 | 6 2.1 2.1 0.60675
281 0.3 [ 0.5 | 0.2 | 0.19839 | 5.04493 | 175.8931 | 0.97128 | 4 | 2.1 2.3 | 0.55864
29| 0.2 [ 0.5 | 0.3 | 0.17960 | 5.86717 | 176.2993 | 0.99116 | 5 | 2.1 2.6 | 0.58481
30/ 0.1 [ 0.5 | 0.4 | 0.12006 | 7.17736 | 176.9147 | 099116 | 5 | 2.1 3 0.58481
31 04 | 0.1 | 0.5 | 0.04844 | 4.47384 | 174.9776 | 0.99744 | 6 2.1 2.1 0.60675
32| 0.1 04 | 0.5 | 0.11711 | 7.17736 | 176.9147 | 0.99116 | 5 2.1 3 0.58481
331 0.3 [ 0.2 | 0.5 | 0.09194 | 4.47384 | 174.9776 | 099744 | 6 | 2.1 2.1 | 0.60673
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Table 4.3 Domination check

Weights Optimal Tafoﬁh' Income Power Variable

# |wil|w2|w3 o) obj1 obj2 obj3 | N | K D h

1({01]08]0.1]0.10536| 7.18868 | 177.1105]0.97128 | 4 | 2.1 3 0.55864
2 102(0.7]0.1]0.18134 | 6.84776 | 176.9725 | 0.97128 | 4 | 2.1| 2.9 | 0.55865
3103(0.6]0.1]0.21289|5.31651 | 176.1105 | 0.97128 | 4 |2.1| 2.4 | 0.55864
4 104 105(0.1(0.19480 | 4.53644 | 175.3961 | 0.97126 | 4 | 2.1 2.1 0.55864
5 0 | 0.00000 | 7.90755 | 177.2175 [ 0.91373 | 3 | 2.1 3 0.52192
6 0 0.00000 | 7.90755 | 172.0839 1 20 (2.1 2.1-3 | 0.84769
7 108 (0.1]0.1]0.04554 |4.47384 | 174.9776 | 0.99744 | 6 | 2.1| 2.1 | 0.60673
8 [0.1]0.1]0.8]|0.04996 | 4.46933 | 174.7496 |1 0.99929 | 7 |2.1]| 2.1 | 0.62689
9 10.710.2|0.1](0.08629 | 4.49264 | 175.2004 | 0.99115| 5 | 2.1 2.1 0.58480
10( 0.2 | 0.6 | 0.2 ] 0.18426 | 6.51840 | 176.8247 | 0.97128 | 4 | 2.1 2.8 0.55865
11(0.1]03]0.6]0.11104 | 6.17717 | 176.4702 1 0.99116 | 5 | 2.1 2.7 0.58481
12 (0.3 | 0.5] 0.2 [0.19839 | 5.04493 | 175.8931 | 0.97128 | 4 | 2.1 | 2.3 | 0.55864
13(0.2 05| 0.3(0.17960 | 5.86717 | 176.2993 | 0.99116 | 5 | 2.1 | 2.6 | 0.58481
14(0.1]104|05]0.11711 | 7.17736 | 176.9147 1 0.99116 | 5 | 2.1 3 0.58481
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4.5 Sensitivity Analysis

In this section we will analyze the parameters and see how it will affect the objectives. Figure 4.6
shows that Taguchi cost objective function is proportional to the expected net income objective
function and after the expected net income exceeds 176 then it increases rapidly. Next, considering
sigma (standard deviation) and see how it effects the power of the chart. As it can be seen in Fig4.7,
as the value of sigma increases the value of power is reduced. This is because sigma is inversely
proportional to power. Third, it is clear how Taguchi cost is affected when changing in-plant cost
as well as the measurement cost as shown in Fig4.8 and Fig4.9. It can be seen as in-plant cost and
measurement cost are increased Taguchi cost function is increased as well. This is understandable
as in-plant cost (cost of rework or scrap) falls outside the tolerance unit and when that is increased
it will increase total cost function. Furthermore, when the cost per measurement of the product
characteristic increase then the total cost function will increase because the cost of measurement
is part of the total cost function. Finally, as it shown in Fig4.10 and Fig4.11, the expected net
income objective function is affected by the penalty cost and the required average time to find the
assignable cost. It can be realized as the average time to find the assignable cost and penalty cost

are increased then the expected net income objective function is decreased.
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CHAPTER S

CONCLUSION

SPC and EPC are two techniques that complement each other in the area of process control. The
goal of Statistical Process Control is to observe the process for assignable causes of variation,
detecting them identifying their causes and removing the causes to bring the process in control.
However, Engineering Process Control manipulates the process input to minimize the effects of
the disturbances to reduce the deviation of the process output from the set target. In this thesis a

different types of process control techniques have been presented in the literature review.

A hybrid process control techniques has been developed combining SPC and EPC via a multi-
objectives optimization model. The model design both SPC and EPC together to detect faults and
control process. To clarify the use of the integrated two process control approaches, a numerical
example has been discussed in chapter 4 of the thesis. It has been observed that the integration of
SPC and EPC leads to the earliest detection of assignable causes. Furthermore, in order to
guarantee the results are held in various situations of assignable causes and are amidst of various

EPC controllers a sensitivity analysis has been executed.

To assess the performance of the designed hybrid process control techniques sensitivity analysis

is conducted. The algorithm showed the designed technique is robust.
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FUTURE WORK

The work in this thesis can be extended further by developing different objectives functions to

capture other dimensions of quality.

The resulting model may require developing the algorithm in this thesis further. This may be

achieved by utilizing meta-heuristic to obtain global solutions.

The developed model in this thesis could be enhanced by applying it to real cases and other

practical situations.

A third direction of extending the model is to consider introducing issues of uncertainties in the

multi-objectives model such as the cost of type I and Il errors may be unknown and uncertain.
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