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ABSTRACT

Statistics are considered the backbone of the strategies of the quality control system because of their important role
in the use of tools, theories, and analysis in these strategies. In the Six Sigma strategies (DMAIC) and (DMADV),
each step is not without statistical methods. The study relied on the application of statistical nonparametric methods
and quantitative tools used in the Six Sigma strategy to apply quality control performance to the research sample
and improve the required quality by identifying production derivatives and the reasons for the slowdown in the
production process at Al-Moatasem Factory for Vegetable Oils, specifically the fat line with its three sections.
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1. INTRODUCTION

The element of planning and inventory management in pro-
duction and operations management has become of great
interest to all industrial and service establishments, as their
continuity and growth have become dependent on the extent
of their adaptation to their surroundings. This requires work
on the continuation of production processes to achieve con-
sumer requirements at the specified times and at the lowest
possible cost, especially at the present time, which imposes
the policy of opening the market to imported goods with-
out protecting the products of local production companies.
This has led to the consumer’s reluctance to buy local goods
because of their high prices compared with the prices of
imported goods.

Therefore, a study must be conducted in order to contribute
to reducing the cost of local goods through the use of modern
scientific methods in planning the inventory of production
processes, which constitutes 15-25% of the cost of the final
product. Accordingly, scientific studies in the field of pro-
duction management have focused on searching for modern

technologies that contribute to reducing inventory costs [1, 2].
Inventory-planning systems contribute significantly to reduc-
ing the cost of stock materials. However, with the passage
of time and changes in the market situation and consumer
desires, the situation has shifted toward the need to produce
according to consumer demand. This raises a number of
criticisms of operations-research assumptions in inventory
planning. The most important is that the cost of the reorder
point is within a certain level of storage, while in practice
there may be a period in which there is no demand for pro-
duction and therefore storage is carried out [3, 4].

Materials may consequently be held without a need for them.
In addition, inventory materials are planned separately—each
material or part is managed as an independent request, and the
economic quantity and reorder point are calculated separately.
This leads to keeping a large amount of stored materials,
which entails high costs. Old inventory-planning systems
also impose fixed prices for stored materials during product
periods [5, 6]. On the contrary, large changes in prices occur
because market movement is dynamic and changes relative
to supply and demand for the raw materials involved in the
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production process [7, 8].

The concept of inventory control is related to inventory plan-
ning as an administrative function because both seek to
achieve almost the same goal: to organize and maintain in-
ventory movement and control the flow of materials to and
from the warehouse in the right quantity and at the right time,
without shortage or delay [9, 10].

In traditional systems, inventory control concerns the extent
to which established and actual plans are implemented, the
discovery of shortcomings, and the identification of errors,
deviations, and abuses committed during completion. It then
works to identify their causes and develop solutions to avoid
them in the future. It measures and audits warehousing oper-
ations at different times, ensures that the required quantities
are available according to the plans, checks the receipt and
disbursement of materials to warehouses, and ensures their va-
lidity, as applied in modern Material Requirements Planning
(MRP) systems [11].

1.1 Research Objectives

There is more than one goal of the research. The first is the
theoretical framing of the concept of hexagonal diffraction
and its methodologies. The second objective is to design an
applicable model that defines the role of statistical methods
in six-sex scattering. The third objective is to identify quality
control and analyze its reality using real data.

2. QUALITY CONTROL

H. G. Wells explained in 1925 that statistical thinking would
have the importance of writing and reading for the competent
citizen in the future. The age of industry depends on un-
derstanding statistics, which are like a powerful microscope
through which we can see things that we could not see before.
Industries therefore began to direct a huge amount of money
toward training employees in statistical methods in order to
improve quality [12, 13].

The dictionary of quality-control terms issued by the Eu-
ropean Organization for Quality Control defines Statistical
Quality Control as that part in which statistical methods are
used for quality control. These methods include frequency
distributions, measures of central tendency and dispersion,
control panels, sampling plans for acceptance, regression anal-
ysis, and significance tests. Control charts and acceptance-
sampling plans are among the most important of these meth-
ods.

The science of statistical quality control began in 1926, when
Walter A. Shewhart, who was working at Bell Telephone Lab-
oratories in the United States, prepared research on statistical
control boards. These remain the main tool for controlling
product quality during its manufacturing stages and provide
quality controllers with continuous observations about the
progress of the production process and the ability to detect
changes between produced units and determine whether these
changes are coincidental [14, 15].

For the development of inspection-sampling techniques and
the design of acceptance-sampling plans, credit is due mainly
to H. F. Dodge and H. G. Romig, who in 1944 published the
famous tables known by their names [16].

The statistical methods used in quality control usually de-

pend on the pattern of the characteristics of the production
system. There is a pattern of grouping control and a pattern
known as the flow of operations, which is concerned with
monitoring manufacturing stages characterized by a great de-
gree of accuracy and complexity, such as building machines
and aircraft. Another pattern is sampling control, which is
used to examine and control a randomly selected proportion
of production output. It checks output characteristics in terms
of measurements, size, and shape. Continuous control, mean-
while, is used to examine produced units one after another
when extreme accuracy in measurements and manufacturing
conditions is required, such as in making molds.

Accordingly, quality control can be defined as all activities
and efforts exerted by all employees in the facility that com-
bine to achieve the desired standard levels of quality.

2.1 The Development of Quality Control Systems

The emergence of quality systems in the modern era dates
to the nineteenth century. The development of these systems
can be summarized as follows:

1. Quality control by worker: This system is considered
the first step in the development of quality control, as the
worker was responsible for producing the entire product
and controlling its quality. This type of control prevailed
until the beginning of the twentieth century.

2. Quality control by the foreman: This stage began at the
beginning of the twentieth century, when many factories
arose and a kind of specialization began to emerge in
performance. Each group of workers performed similar
work that combined with other work for a specific product,
in the presence of a boss who monitored the quality of
their work.

3. Quality control by inspection: During the First World
War, an industrial renaissance began. Production became
more complex and increased to a large extent, leading to
the appointment of full-time workers to examine products
and control their quality.

4. Production quality control: It arose with the beginning
of the Second World War and the great industrial renais-
sance in the world, in order to control huge quantities of
products by adding control methods such as sampling.

5. Integrated control of production quality: It appeared
at the beginning of the 1960s. It is an effective system
that included four basic elements for controlling quality:
design, raw materials, product, and production process.

6. Total Quality Management: At the beginning of the
1980s, the concept of integrated control of production
quality developed into Total Quality Management, an
integrated administrative and technical system covering
all stages of industrial activity. From here emerged the
ISO 9000 international standard specifications, which ap-
peared in 1987 and were amended in 1994 and 2000 to
ensure and confirm the quality of the system producing the
products, transcending the old concept of product quality
alone.
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7. Hexagonal diffraction: It is a comprehensive, perceptive,
and flexible leadership system defined as a systematic
extension of Total Quality Management that supports and
develops business success and is exceptionally close to
understanding customer requirements. Its beginnings were
at the end of the 1980s, and it was launched by Motorola.
It works through two methods:

A. DAMIC stands for Proof of Improvement by Finding
Optimal Solutions.

B. DMADV is the design process.
Figure 1 shows the quality-system development plan.

3. STATISTICAL METHODS IN QUALITY CONTROL

3.1 The Principles of Probability Theory and Its Applica-
tions

The applications of probability in quality control are among
the basic topics presented by statistical theory. To clarify the
concept of probability in quality control, it means recurrence
and homogeneity in the occurrence of a case of nonconfor-
mity with specifications, as well as the relative stability of
the case in light of the approved conditions and variables.
For example, if a producer states that 3% of the units of a
commodity do not conform to specifications, determining the
possibility of the occurrence of this situation becomes one
of the distinguishing characteristics of repeated operations.
According to this, results can be predicted before operations
occur.

Probability is also used in acceptance sampling to de-
cide whether to accept or reject a batch through operating-
characteristic curves based on a number of variables, includ-
ing:

1) Acceptable quality level: the smallest percentage of de-
fects that leads to acceptance of the batch and achieves
the consumer’s desire.

2) Percentage of defects in the batch: the largest percent-
age of defects that leads to rejection of the batch and does
not fulfill the consumer’s desire.

3) Producer risk (): the probability that a batch at an
acceptable quality level is rejected.

4) Consumer risk (f3): the probability of accepting a batch
with a high percentage of defects. Statistical tables are
used to examine the sample and determine the probabil-
ity of acceptance or rejection, including the Romig and
Dodge tables.

The measure of probability represents the number of possible
cases for the occurrence of an incident whose probability is
to be known divided by the total number of cases.

Control chart: It is an important tool in performance analy-
sis and control and is used in the optimization methodology
of six diffraction during the analysis phase. Control maps
judge whether the process is predictable and, in terms of con-
trol, prove whether the process is operating efficiently under
control. Their use goes back to Walter Shewhart in 1924. A
control chart is a graphic map used as a means of taking an

appropriate decision regarding the progress of the production
process at a specific production stage according to its speci-
fied path. This is done by drawing random samples over time
from production batches after determining the characteristic
or variable of the produced unit that reflects its quality.

Continuous statistical analysis of changes in the quality level
of production or in the main characteristics of the product
makes it possible to distinguish between natural variation
resulting from random sources inherent in the production pro-
cess and causal variation that can be discovered and treated
before more units outside the required specifications are pro-
duced. Shewhart control charts track the impact of the pro-
duction process by plotting data over time, with the data
represented by a characteristic or variable. The charts used
for continuous variables are:

1) Average and range charts.
2) Average and standard-deviation charts, X-S.

3) Individual-observation and moving-range charts, X—R;.
For discrete variables representing attributes, the charts are:

i. P, fraction of nonconforming items.
ii. NP, number of nonconforming items.
iii. C, number of defects.
iv. U, number of defects per unit.

v. Other control charts suggested for continuous data
include cumulative-sum (CUSUM), moving-average
(MA), geometric-moving-average (GMA), and
exponentially-weighted-moving-average =~ (EWMA)
charts.

To organize the control charts, the following procedure is
used:

1. Determine the elements to be monitored, including errors,
and identify their characteristics, from which the type of
chart can be determined.

2. In most cases, a sample taken for continuous data has two
to six observations. There are charts for subgroups consist-
ing of one observation, such as the individual-observation
chart X and the moving-range chart R;. For discrete data,
the sample size must be large, containing 100 or 200 ob-
servations, and the number of samples taken is from 20 to
30.

3. Calculate the control lines and the center line. Control
charts have two control limits: the Upper Control Limit
(UCL) and the Lower Control Limit (LCL). The Center
Line (CL) lies between them and represents the approved
standard or the arithmetic mean of the values of the phe-
nomenon. The distance between the CL and the control
limits is three standard deviations of the approved specifi-
cation.
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Figure 1. The quality system development plan.

The center lines for the mean and range charts are determined
by

X = er'l:1xz )? _ 2?:1)21'
) )
n m
(H
R: Z;‘nlei
m

Here, X is the mean of the sample means, X; is the arithmetic
mean of sample i, m is the number of samples, R is the average
sample range, and R; is the range of sample i. Accordingly,
X is the CL of the mean chart and R is the CL of the range
chart. The control limits are extracted from

UCLg =X +305, UCLg =R+ 30,

. _ @)
LCLY :X—?)G)‘(, LCLRr = R—3o0p.
Alternatively, the following formulas can be used:
UCLg =X + AR, UCLg = D4R, )

LCLy =X —A>R, LCLg = D3R.

Here, A,, D3, and D4 are commonly used constants for con-
trol charts. The following schematic illustrates the control
limits and center line.

ucL

quality

CcL

LCL

Statistical indicators for

time or arrangement of
samples

Schematic representation of the upper control limit, center line, and
lower control limit.

Special cases of variance discovered by drawing control
charts include:

1) A single point falls outside the control bounds (+30).

2) Two of three consecutive points fall outside the +2c¢

boundary.

3) Seven or more consecutive points lie on one side of the
center line.

4) Eight or more consecutive points exhibit a rising or falling
trend.

5) Atleast 10 of 11 consecutive points fall on one side of the
center line.

6) At least eight consecutive points make a cycle, with one
point lying on one side of the center line and the next on
the other side.

The following diagram shows how to select a control chart
according to the type of variable.

To choose the appropriate control chart for the data under
study, the data type must first be determined. For variables
such as weight and height, variable charts are selected. If the
data consist of a group of samples, the X chart or average
chart and the range (R) chart are selected. If the data consist
of a single group, the individual-observation chart or moving-
range chart is selected. Mean charts give an idea of data
concentration around the established target point, while range
charts show the extent to which the data are dispersed from
the target.

If the data represent attributes, such as the number of errors
or defects, there are two basic classes of control chart. If the
case involves controlling the number of errors in production
batches or samples, the P or NP chart is used. If the number
of errors is represented by production units, the C chart is
used; if the number of errors in each production unit must be
controlled, the U chart is used.

In the field of this study, the Quality Control Department
at Al-Moatasem Factory for Vegetable Oils lacks a method
for using control charts because the staff involved neglect
the application of statistical methods in quality control and
rely on laboratory tests to place the basic elements within
specification limits without revealing the centralization or
dispersion of the production process.
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3.2 Confidence Intervals

The exact derivation of confidence intervals (CI) for mono-
tonic estimators, and therefore for most isotonic-regression
(IR) estimators, is very difficult. An alternative is to use re-
sampling methods. Assuming that errors follow a normal
distribution and have constant variance, the important charac-
teristic is that a LOESS estimate is linear if

L‘(xl')y'a
T 4)

Lj(x;) does not depend on y;.

8(xi) =

™-

J

The resulting distributional characteristics are similar to those
of classical parametric fitting.

Variance estimation. Since g(x;) is linear in y;, the value
estimated at x; can be written as

9i =Y Li(xi)y;. &)
j=1

The elements of the smoother matrix L are L;(x;). Let

L=I-L, (6)

where I is the n x n identity matrix. For K = 1,2, define

_ 62
Sk = tr(LTL)K, y= gl (7
The residual variance is estimated by
52 — & _ Lii Y _g(xi)]z. (8)

0 01

For the confidence interval described by John Fox, the set of

coefficients [L;i, Ly, ..., Ly represents row i of L, so that

y(nxl) = L(n><n)Y(n><l)~ ©
The variance of the estimated value is calculated directly as

V(§) =LV(y)LT = c2LL". (10)

Finding the error variance 67 requires the degrees of freedom
for the error sum of squares. The LOESS smoother matrix
and residual vector are

L=XX"WX)"'X"W,

e=(I,—L)y. (b

The number of parameters is trace(L) = 7, and the residual
degrees of freedom can be represented by

d fres = trace(I, — L) = tr(I,) —tr(L) = n—r. (12)
Therefore,
2
e
52 = dzfrcls, d fres = n—d finod- (13)

The degrees of freedom of the nonparametric regression
model may be expressed in more than one form:
d finoa = trace(L),
d finoq = trace(LLT),
d finoa = trace(2L — LLT).

(14)

A confidence interval limits the true value of a parameter
between lower and upper confidence limits with a certain
probability (1 — at). The 95% confidence interval is written
as

Pr{yi — 2SE\/vii <y <yi +2SE\/vi} = 1 —at,  (15)
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where v;; = trace(LLT).

The confidence interval developed by Strand begins with

-

g(xi) = ) Li(x;)yi. (16)

Sx)=S ZL%(x). 17)

The sampling distribution is approximated by the ¢ distribu-

tion with v degrees of freedom:

_9
5

Therefore, the confidence interval for nonparametric regres-

sion based on the ¢ distribution takes the form

=22 S, (18)

Pr{§(x) —tg/2,SE®(x) < g(x)
< g(x) —|—ta/2’vSEg(x)} =1l-a. 19
Here, 745, is the tabular value associated with the region

o /2 for a ¢ distribution with v degrees of freedom. For a
sample size of less than 30, the confidence limits are

(x) Fg/2,SES (x). (20)

For a sample size greater than 30, they are
A(X) F Zo o SEX (x). @

4. ESTIMATION METHODS

4.1 Local Polynomial Regression

LOESS is an acronym for locally weighted scatterplot smooth-
ing, which some consider synonymous with modern model-
ing based on classical methods such as linear and nonlinear
least-squares regression. It allows an appropriate parametric
formula for the slope surface to be determined and is suitable
when outliers are present.

The main characteristics of the LOESS method can be sum-
marized as follows:

p—

. It matches and fits nonparametric models.
2. It supports multidirectional use of forecasts.
3. It supports multiple dependent variables.

4. It supports both direct and deviant matching using k-d
trees.

5. Confidence intervals are calculated for predictors.

6. It supports the calculation of multiple data aggregates.

Implementation of LOESS requires determining the degree
of local polynomial smoothing d and the bandwidth £, which
controls the level of smoothing of the fitted function. The
degree of the polynomial in parametric regression plays a
role similar to the degree of smoothing in nonparametric

regression. Stone clarified that a lower-degree polynomial
regression model is locally appropriate if the true regression
curve is smooth.

4.2 Local Polynomial Simple Regression

Local polynomial regression is a flexible way to fit the non-
parametric polynomial regression model

M| x1,%0,. 00,0, = f(x1,X2,...,%p). (22)

The objective of simple local polynomial regression is to esti-
mate the regression function u | x at the focal-point value
x = xo. Weighted least-squares (WLS) regression is per-
formed for y | x observations whose x values approach the
focal point xp.

First, calculate the kernel function k(X; — xp), which gives
the highest weight to observations close to the focal point xg
and then decreases symmetrically as |X; — xo| becomes larger.
Using the tricube kernel, let

X —
Z = TxO (23)

where Z; is the measured distance between the predictor value
of observation i and the focal value x(. The tricube kernel is

ki) = { 1

24
0, 1Z] > 1. @Y

Second, using the kernel weights, WLS regression of a degree-
d polynomial is used to fit

Y; = Bo+Bi (Xi —x0) + Ba(Xi —x0)> ++ -+ Bp (Xi —x0)* + €.
(25)
From the standard weighted least-squares theorem,

B=(X"WX) 'XTWY, (26)

where Y = [Y1,...,Y,]T is the response vector. The n x (p+1)
design matrix is

1 (X] 7)(0) (X1 7)60)2 (X] 7)(())1]
X=|: : : : - (27)
I (Xo—x) (X,—x0)? (X, —x0)?

Local polynomial regression is generalized to estimate the
kernel function for local fitting at the focal point by using the
weight matrix

o X1 —xo Xn — X0
wea{s(50) a(om)] o

The local polynomial kernel estimator is a weighted regres-
sion of the data centered around the target xo and is an esti-
mate of g(xp). If d is the degree of the polynomial fitted at xo,
the estimate g(xo,d, k) is obtained from the polynomial fit.

When d = 0, LOESS tends to the Nadaraya—Watson kernel
estimator,

Yi=po+e&. (29)
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The weighted error sum of squares is

ZWS —Zk<

Differentiating with respect to 8y and equating to zero gives

(s o

i=1

) ti-pr o

and hence

~ 7:1k(x xo)yt N
Bo=——7/ 2(X0,0,h) = Po. (32)

0 — ;
n Xi—xo

When d = 1, LOESS tends to local linear regression:

Y; = Po+PBi(X

The weighted error sum of squares becomes

ZWS —Zk(

Taking the partial derivative gives

22k<

Depending on f, the estimate is

i —X0) + €. (33)

>Y Bo— Bi(X; —x0)]*.  (34)

)Y Bo—BiXi—x). 39

s X kY~ BoXi ki __(&m)
B = Yk (Xi—x0)? ki =k ; . (36)
The local intercept is
5 Y kiY;(X; — x0) Lki(X; — x0) — L ki L ki (X; — x0)*
0T (L ki(Xi —x0)2 — Lk L ki(X; —x0)?
(37

Thus, [3’0 = g(Xo, 1,h) is the local linear estimate for d = 1.

When the smoothing degree is d = 2, LOESS tends to local
quadratic regression:

Yi=Po+pi(Xi

and the standard weighted least-squares theorem again gives

—x0)+ B2 (Xi —x0) > +€&,  (38)

B=X"WX)"'XTWY. (39)

5. EXAMINATION PLANS USED IN THE QUALITY
CONTROL DEPARTMENT FOR THE STUDY SAM-
PLE

For the application of the study, the Quality Control Depart-
ment at Al-Moatasem Factory for Vegetable Oils in Maysan
uses a single-examination plan to detect whether the main
elements involved in the composition of the fat—fatty acids,
iron, peroxide, and color—are within the limits of the appli-
cable standard. If they are, production continues. If there is a
difference in any of these four elements, it is dealt with and
another sample is taken, with one sample for each working
hour.

5.1 The Stage of Control

At this stage, it is emphasized that the conditions of the pro-
duction process are documented and monitored using statisti-
cal process control (SPC) methods, including control charts.
Fifteen samples were taken from the final production of the
produced fat, and five readings were recorded for each of the
four elements R, Fe, FFA, and Pr.

After extracting the range and arithmetic average of these
readings, range and average charts were drawn for each ele-
ment, as described below.

5.1.1 Free Fatty Acids (FFA)

Figure 2 represents the control chart for the mean. The control
limits were extracted from the equations presented above:

UCLg =X + AR =0.217, (40)

CLy =X =0.159, LCLy =X —A,R=0.102. (41)

Control Chart: VAROOOO1

Mean

Sigma level: 3

Figure 2. Rate setting map for the FF.A. element.

Most samples are within the control limits, except sample
No. 9, which is outside the upper control limit of the mean
chart, indicating a special discrepancy. For the range chart in
Figure 3, the limits are

UCLg = D4R =0.2115,
LCLg = D3R =0.

CLgk =R=0.1,
(42)

Control Chart: VAROOOO1

o0.25

0.15—

VARGV

0.00

=
)
)
>
-

T T T T T T T T T T T T T
2 = 4 5 & 7 & © 10 11 12 12 14 15

Sigma level: 2

Figure 3. Range control map for the FF.A. element.

All 15 sample readings are within the control limits.

5.1.2 Color Element (R)

For the five readings of 15 samples, the arithmetic mean,
range, and standard deviation were extracted. The limits for
the mean chart in Figure 4 are

UCLg =17.735,
LCLg = 6.312.

CLg =7.024,
(43)
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Control Chart: VAROOOO1
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Figure 4. Rate adjustment map for the R element.

The control limits for the range chart in Figure 5 are

UCLg = 2.607,
LCLg =0.

CLg = 1.233,
(44)

Control Chart: VAROOOO1

VARO0001
— — - UCL = 2.6079

Average =
2.5~ 1.2333
— — - LcL = .0000
2.0
P
25
2 1.5
o

0.0 L e S e S W S S S —
12 3 a4 5 6 7 8 9 10 11 12 13 14 15

Sigma level: 3

Figure 5. Range setting map for the R element.

The first and eighth samples are outside the control limits of
the average chart, whereas the readings of all samples are
within the limits of the range chart.

5.1.3 Iron Element (Fe)

For the five readings of 15 samples, the mean, range, and
standard deviation were extracted. The control limits for the
mean chart in Figure 6 are

UCLg = 1.531,
LCLg = 0.855.

CLg =1.193,
45)

Control Chart: VAROOOO1

T ) T T ) v T T v v ¥ T T
2 % 4 & & 7 & © Ado 11 12 1=z 14 as

sigma level: 3

Figure 6. Rate setting map for the Fe element.
The control limits for the range chart in Figure 7 are

UCLg = 1.239, CLg = 0.586,

46
LCLg = 0. (46)

There is a large discrepancy in the positions of the samples
within the control limits of the mean chart. Samples 5, 6, 7, 8,

VARO0001
— — - UcL = 1.2391
Average =

Control Chart: VAROOOO1
1.00—

AV AW
VY

0.25—

— — - LGL = .0000

Range

©.00 T T T T T T T T T T T T T
12 3 4 5 6 7 8 9 10 11 12 13 14 15

sigma level: 3

Figure 7. Range mapping of the Fe element.

9, and 12 are outside the control limits, but in the range chart
all sample readings fall within the limits. Thus, the dispersion
of the production process is under control, but there are clear
changes in its average value.

5.1.4 Peroxide Element (Pr)

For the five readings of 15 samples, the arithmetic mean,
range, and standard deviation were calculated. The control
limits for the mean chart in Figure 8 are

UCLg =1.172, CLg =0.957,

47)
LCLg = 0.742.
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Figure 8. Rate adjustment map for Pr.
The control limits for the range chart in Figure 9 are

UCLRr =0.789, CLr =0.373,

48
LCLg =0. )
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Figure 9. Range setting map for the Pr element.

By observing the mean and range charts, all samples are found
to be within the control limits except sample No. 12, which
is outside the upper control limits in both charts, confirming
the existence of a special discrepancy.

Considering the mean and range charts for the four elements,
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the reasons that led samples to depart from the control limits
must be studied so that these deviations can be treated by
removing their causes. These reasons were identified through
the Pareto analysis mentioned in the analysis stage and were
also analyzed using a cause-and-effect diagram. Together,
they represent the causes and results of the deviation of the
four elements from the established specification limits, ulti-
mately slowing the production process and reducing product
quality.

5.2 Implementation Phase of the Six-Way Diffraction
Project

The preceding analysis, especially the statistical control
charts, shows that the upper and lower control limits are
within 30. This means that the acceptable error rate is 5%,
while the main goal is to reach an absence of errors, or zero
defects. This objective is pursued by moving from 30 to
60, which centralizes the production process within its estab-
lished objective and prevents it from becoming dispersed.

Implementation requires effective administrative leadership
that directly supervises the six-scattering project in coopera-
tion with the belts—people trained to apply, implement, and
analyze statistical tools effectively in order to make appropri-
ate decisions. This is done through:

1. Designing and implementing training courses for all asso-
ciates, known as belt courses.

2. Eliminating all causes of defects and interruptions in the
production process investigated by the statistician in the
previous stages.

3. Designing performance measures to analyze the cost of
improvement.

4. Introducing modern technology in the factory.

5. Adopting modern administrative principles to create em-
ployee loyalty.

These and other important administrative activities are re-
quired to improve the quality of national products, in coop-
eration with the statistician and the quantitative and logical
analysis of all data, to achieve a zero-defect product or ser-
vice.

6. CONCLUSIONS

* The Quality Control Department at Al-Moatasem Factory
for Vegetable Oils in Maysan lacks the statistical techniques
used in quality control and relies only on laboratory analy-
ses, which themselves lack modernity, to place examined
items within specification limits without analyzing the rea-
sons for their deviation.

» The work environment throughout the factory is not suitable
for advancing the production process and its production
quality, as the machinery is very old and the building does
not meet the requirements of the production process.

* Applying the proposed six-diffraction methodology to the
study sample produced several conclusions.

The voice of the customer showed 61% acceptance of the
quality and dissatisfaction with the emitted smell and flavor
compared with the imported competing material.

After measuring production-process performance capability
(Cpr) and its ability to place production within the required
limits (C}), the following became clear.

Free fatty acids (FFA) are within limits, but production is
inconsistent and the production process is not centralized.

For Fe, the iron element, calculations indicate that the
production process is inefficient and uncentralized and that
production is not compatible.

For Pr, the peroxide element, the production process is
inefficient, nonlocalized, and incompatible.

For R, the red-color element, the production process is
efficient but production is inconsistent.

For SP, the degree of slippage, calculations indicate that
the production process is very efficient and production is
compatible. The level of deviation in the long and short
term is on the six-dimensional scale, and the error rate in
this case is 0.001 per million.

The productivity of the sheet section was 79%. This ob-
vious and large production shortcoming is attributed to
poor operating conditions, especially the age of the machin-
ery, noting that a new production line is currently being
installed.

Cause-and-effect and Pareto analyses show that the ma-
chine and the worker have similar percentages in causing
production variation in the filter and plate sections. In the
packaging department, the work mechanism and the worker
cause the highest percentages of discrepancy because the
section depends on the worker and its work mechanism is
80% manual owing to the lack of modern machines.

Experimental design and analysis of variance clarified a
number of reasons that led readings of the elements to
deviate from their specification limits.

These reasons include poor operation, delayed storage,
power outages, lack of follow-up and organized monitoring
by the worker because of limited experience or responsibil-
ity, and the poor quality of raw materials.

The most deviant element was color R, for which the num-
ber of readings outside the specification reached 239. This
was followed by FFA with 90 readings, iron with 55, and
peroxide Pr with 20.

The repeated faults can be summarized as raw material
(101), misoperation (88), vacuum breakage (82), power
outage (65), boiler malfunction (48), and filter paper (20).

The control charts for the range and arithmetic mean of
the four elements show that dispersion of the production
process is under control, but there are clear changes in the
average value of the production process.

Some samples lie outside the mean and range control limits,
confirming the existence of a special discrepancy.
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