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Abstract Satistical experiment design and analysis tdoisthe productiorhave being developed specifically

for the purpose of optimizing mixes, such as plastic products, in which the final product progeptesl on

the relative proportions of the componerashier than their absolute amounts. Although mixture methods have
been used in industries to develop products such as gasoline, metal alloys, detergents and foods, they have seen
little application in the platic industry. This papedescribes an analysis iwhich a statistical mixture design

tool called response surface design optimization tool was used to optimize the six mixture components of 25mm
waste pipe, in order t@btain theoptimal mixture ratio and their corresponding product yield. The results
obtained show an optimal mixture ratio of P\(€5442.820), Stabilizef1514.760), Calcium carbonai®.0),

Steric acid(151.480), Titaniun{12.120), and Pigmenl.4079) for 25mm waste pipe. The optimal yield and
composite desirabilitfor 25mm wast@ipe are 51990kg and 0.99990he objective of the study from the result
above was to reduce the wastage of raw materials, so as to increase the profitability of the final products. In
addition, the model in use is recommended to the case company tbiveftdilisation of their various raw
materialmixesso as to obtain various optimablutionsof their raw materials mix and their various production

yields

. INTRODUCTION
For many manufacturers the task of meeting the ever rising demand and custoectatexys and lowering
production costs in an environment of more products, more complexity, more choice and competition is placing
great stress on the effectiveness of the production mixture ratio of the different chemicals used in the production
of their different product and the quantity of the products gotten from the mixture. Organizations have already
adopted solutions with varying degree of production mixture ratios, operations executive acknowledged that this
mixture ratio does not give an optimuneld as a result of wastes encountered during the production.

Loius carter plastic industry limited is one of the impending plastic industries in Nigeria, the work within the
market of different plastic product like extrusion product for both domesticiradustrial use, sales of their

product carry a sturdy seasonality effect; the peak is during the dry season and the raining season is the period of
building inventory. Products are customer correlated, so that no production to inventory occurs without an
explicit manufacturing authority from customers. Because of this, it is expedient for the company to know how
much number of products is expected to be achieved from a given quantity of raw material mix in order to be
able toreactto customers' needs aswhen needed and hence optimization of the raw material mix.

Taha (1992kxemplified how linear programming was applied to determine the feed mix to maintain a balanced
ratio that includes calcium, protein, and fibre in the right proportion by the Gzauktry Farm. Kareem and
Aderoba (2008) attempted to show the effectiveness of adopting the linear programming model in maintenance
and manpower planning using data from a cocoa processing industry in Akure, Ondo State of Nigeria. Their
result shows thadnly four maintenance crew out of the 19 employees are needed in that section to effectively
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carry out maintenance jobs in the industry. But in their own contributions, Nedim et al (2002) tried to reveal that

risk analysis is necessary in order to maxintizeources allocation efficiency and minimize the effects of risk
environment . They used data from a sample of a compa
function. The result proposed that producing 5 units ofeterates 36% loss pdstty. If decision makers aim

risk not to exceed certain limits, then, variances should be used as constraints. The model recommends that
producing 3 units of Xwill decrease the objective function from $432 to $2B&nedict et al (2012) in their

work Optimized Profit with the Linear Programming Model: A Focus on Golden Plastic Industry Limited,
Enugu, Nigeria. Theyletermined the product mix of Golden Plastic Industry Limited, Emene. In the process,

they established optimal quantities of the variouRipes to be produced within the study period in order to
maximize profit. Also the status of the resources and the unit worth of each resource to the objective function
were known.Michelle Leung (2009)in his work on Production Scheduling Optimizationf @ Plastics
Compounding Plant with Qualitg@onstraints wheréhe scheduling of parallel production units was considered.

A mixed integer program was developed and implemented in GAMS. The model allows that jobs performed on
different units may be shiftedr resequenced according to the quantity of demand and the product the job
performs. Ezeliora et al (2013) in their work Moving Average Analysis of Plastic Production Yield in a
Manufacturing Industry  states that a close examination of the productimmnpand the behavior of the

production system based on the data analyses shows that the production industry is organizing production with a
clear focus to meet the customers requirements and
Howeve, greater percentages of the customers are not served as and when due leading to queues and waiting
before customers are served. However, the tool developed can help the company to remedy this situation.

This study intends t@xamineLoius Carter Plastic Industry Limited, &nalysethe opportunity of adopting
response surface design and its optimization tool in determining the quantity of products to have been produced
over a given period of time from a given quantity of rawterial mix. It is one of the most important industrial

sites in Nigeria because of its strategic location with a cluster of industhieschoice of response surface
design and its optimization tool is informed by the ability of the technique to solve pralelatisg to quantity

of products that is to be achieved by a given quantity of raw material mix over a given period of time, and it is in
a better position to determine waste over that period of fiime.aim of the study is to optimize the production
extent of products from a given quantity of raw material mixture over a given period of time, determining the
accurate mixture ratio of the respective components of the raw material to be mixed in order to give optimum
production.The objective function of tkiproject is to determine the optimal number of products that can be
gotten from a given quantity of raw material mix. With this value, the case study company can determine
whether or not it has been operating within this optimal range and if not, plan @y to increase their
production yield by reducing waste of their raw material.

II. RESEARCH METHODOLOGY
2.1 Data Collection and Regression Model
The production mixture data of Louis carter Plastic Industry Limited were colldRegtession analysisas
used to statistically investigate the relationships between variables. Regression analysis is widely used for
prediction and forecasting, where its use has substantial overlap with the field of machine learning. Regression
analysis is also used to umdand which among the independent variables are related to the dependent variable,
and to explore the forms of these relationships. In restricted circumstances, regression analysis can be used to
infer causal relationships between the independent andhdepevariables. However this can lead to illusions
or false relationships, so caution is advisable; (Armstrong et al 2012) for example, correlation does not imply
causation.

Many techniques for carrying out regressamalysis have been developed. Famithethods such as linear
regression anardinary least squares regression pagametric, in that the regression functiondefined in
terms of a finite number of unknovparameters that are estimated from the data.

Nonparametric regression refers tahriquesthat allow the regression function to lie inspecified set of
functions, which may beénfinite-dimensional.The performance of regression analysisthods in practice
depends on the form dfie data generating process, and how it rel@tdle regression approach being used.
Sincethe true form of the datgenerating process generally not known, regression analysis offepends to
some extent on makingssumptions about this process. Thessimptions are sometimes testablesififficient
guantity of data is availabl&Regression models for prediction are ofteseful even when the assumptions are
moderately violated, although they may petform optimally. However, in mamgpplications, especially with
small effects omuestions ofcausality based on observationtta, regression methods can give misleading
results. ( David et al 2005), ( Dennis et al 1982).
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Regression models involve the followingiriables:The unknown par amewhelrmay denot e
represent a scalar or acver .

The independent variables , X .

The dependent variable, Y .

In various fields of application , differerterminologies are used in place of dependami independent
variables A regression model relates Y to a functionodXr d b

Y & a (X,b) (3-1)
The approximation is usually formalized as E
( Y | X )y = f( X , aralysis, the form ofahe fugction untust eeciied.eSemetintes

the form of this functions based on knowledge about the relationslapveen Y ani that does not rely on the
data. If no such knowledge is availabldlexible or convenient form for f is chosen.

Assume now that the vector of unknopra r amet er s b i s pdrforrh & reggession doalysid n or d
the user musprovide information about the dependevdriable Y :If N data points of the form (Y, X ) are

observed, where N < k , most classiapproaches to regression analysis cann@dormed: since the system

of equationsdefining the regression model imderdeterminedhere are not enough datartoe c o v & r b

exactly N = k data points are observadd the function f is linear, the equations Y Ef X b ) can be
exactly rather thaapproximately. This reduces to solving a seNafquations with N unknownghe elements
ofb ), which has a unXafalieearly mdependend. H f isanenlineassauion anay not h e

exist, or many solutions magxist. The most common situation is where N ®d&ta points are observed. In this

case, there ignough information in the data to estmate@ai que val ue for b somd a t bes:
sense, and the regression model wapplied to the data can be viewed avaner det er mi nred sy st e
the last case, the regression analpsivides he tools for:(i) Finding a solution for unknown parametérs t h a t

will, for example, minimize the distant®tween the measured and predicted valuéiseoflependent variable Y

(also known asnethod of least squares ), and (ii) Under certain statistésainaptions, theegression analysis

uses the surplus @fformation to provide statistical informatienb out t he unkn o wradicprar amet er
predicted values of the dependent variable Y.

2.2 Response Surface Methodology

Response surface methodofoig an empirical statistical approach for modeling problems in which several
variables influence a response of interest. In RSM, an approximate relation between a single response and
multiple variables is modeled as a polynomial equation obtained threggéssion analysis. The equation is

called a response surface and is generally represented graphically on a contour plot for analyzing an optimal
solution. Usually, a lovorder polynomial in some regions of variables is used (Montgomery 2001). Assume

thaty denotes the response axgldenotes the variableg,= 1 N.When a linear function of variables can
effectively model a response, then the response surface is@rdiestmodel, as follows.
y=PB +Byx +B5x, +...+Byxy (3.2)

where gis the regression coefficieng= 1 ,N. é ,
When specifying curvature of a response surface, a polynomial of a high order is appropriate for the response
surface. For instance, a secesrdler model of the response surface is

= BO + Zngg + Zng.Xé -+ Z ZBgfxgxf

g=1 g=1 g<f (3.3)
The fitted responseurface is an adequate approximation of the true response function when an appropriate
model is selected. Furthermore, model parameters are estimated effectively when proper experimental designs
are used to obtain experimental data. Details of experiméesans for fitting response surfaces are found in

(Khuri 1987) and Montgomery (Montgomery 2001).

1. DATA PRESENTATION AND ANALYSIS
Table 1: Presentation of 20162011 Monthly Data on Production Output

Year Month | M. Units | 25mm Waste pipe
(units)
2010 [Jan 1 0
Feb 2 47,303.00
Mar 3 37,413.00
April 4 33,641.00
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May 5 27,374.00
June 6 38,750.00
July 7 50,588.00
Aug 8 61,203.00
Sept 9 70,105.00
Oct 10 75,209.00
Nov 11 5,964.00
Dec 12 93693

2011 Jan 13 77,964.00
Feb 14 65,755.00
Mar 15 62,349.00
April 16 8,885.00
May 17 79,724.00
June 18 36,343.00
July 19 55,114.00
Aug 20 85,009.00
Sept 21 69,522.00
Oct 22 29,138.00
Nov 23 25,063.00
Dec 24 0

Source: Louis Carter grouped data
X1= 32mm Pressure pipe, X,= 25mm Wast@ipe

3.1 Method of data analysis
Response Surface Design and optimization methods were used to model, design and to optimize the production
mixture of Louis Carter manufacturing industry to observe the optimum production output of the raw materials.

Table 2 Presentation of 20162011 Monthly Data on Production Output of25mm Waste Pipe
25mm Waste | 25mm Waste | PVC Stabilizer Calcium Steric acid Titanium Pigment
Pipe (units) Pipe(0.9kg) Carbnate dioxide
0 0 0 0 0 0 0 0
31535 283818 2294282 764.7607 4588.564 76.47607 6.118086 3.055043
24542 224478 18145.9% 604.8664 3629158 60.48664 4.838931 2.415465
22427 20184.6 16316.5 543.8834 32633 54.38834 4.351067 2.175534
18249 16424 .4 13276.8% 4425631 2655378 4425631 3.540504 1.770252
25833 23250 18794 .46 626.482 3758.892 62.6482 5.011856 2.505528
33725 303528 24336.11 817.8702 4907.221 81.78702 6.542962 3.271481
40802 367218 25684 .58 989 4855 5936.915 98.94855 7.915887 3.957544
46737 420863 34002.21 1133.407 6800442 113.3407 9.067256 4.533628
50139 451254 3647774 1215.925 7295549 121.5925 9727398 4.86365%
3976 35784 2892.649 96.42164 578.5299 9.642164 0.771373 0.385687
62462 562158 45442 82 1514.761 5088.564 151.4761 12.1180% 6.055043
51976 467784 37813.97 1260.466 7562.794 126.0466 10.08372 5.041862
43837 39453 3189238 1063.079 6378.476 106.3079 8.504635 4.252317
41566 374054 30240.41 1008.014 6048.081 100.8014 8.064105 4.032054
5923 5331 4305388 143.6463 861.8776 14.36463 1.14917 0.574585
53149 478344 38667.6 1288.92 7733.52 128.892 1031136 5.15568
24229 218058 17627.02 587.5674 3525404 58.75674 4.700539 2.350269
36743 33068.4 267313 891.0433 5346.26 85.10433 7.128347 3.564173
56673 510054 4123092 1374364 8246.185 137.43064 10.99491 5497456
46348 417132 3371944 1123.981 6743 889 112.3981 8.991852 4.495526
19425 174828 14132.46 471.0821 2826.453 47.10821 3.768657 1.884329
16709 150378 12156.01 405.2005 2431.203 40.52005 3.241604 1.620802
0 0 0 0 0 0 0 0

Source: Louis Carter grouped data
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V. DATA ANALYSIS AND DISCUSSION
4.1 Response Surface Regressio25mm Waste Pipeversus PVC, Stabilizer, ...

Estimated Regressidboefficients for 25mm Waste Pipe(kg)

Term Coef SE Coef T P
Constant 28108 0 2.13266 E+07

0.000
PVC 26462 757 34.961 0.000
Stabilizer -294 189 -1.556 0.195
Calcium Carbnate 1875 759 2.471 0.069
Steric acid 72 24 2.956 0.042
Titanium dioxide -4 3 -1.496 0.209
Pigment -2 1 -3.165 0.034
PVC*PVC -421734 272759 -1.546 0.197
Stabilizer*Stalilizer 558404 289984 1.926 0.126
Calcium Carbnate*Calcium Carbnate 4221 872 4.839 0.008
Steric acid*Steric acid -159551 35662 -4.474 0.011
Titanium dioxide*Titanium dioxide -11103 7518 -1.477 0.214
Pigment*Pigment -1364 853 -1.599 0.185
PVC*Titanium dioxide 760032 459022 1.656 0.173
PVC*Pigment 73819 183598 0.402 0.708
Stabilizer*Titanium dioxide -1004598 502670 -1.999 0.116
Stabilizer*Pigment 111146 172388 -0.645 0.554
Steric acid*Titanium dioxide 272964 58484 4.667 0.010
Steric acid*Pigment 46242 19363 2.388 0.075
Titanium dioxide*Pigment -6187 3091 -2.002 0.116

S =0.00116064
PRESS =0.00186542
R-Sq = 100.00%
R-Sq(pred) = 100.00%
R-Sq(adj) = 100.00%

25mm  Waste pipe (kg)p +1 100 +1 20 + T g0y +1 40y +1 505 + T 60 + 1 76y +71 g% +1 o0y% +
f 10(1)42 +1 11(1232 +1 12‘:062 +1 13005 + 1 14005 + 1 150005 +1 16000 + 1 176005 + T 15640% + T 19050

.(4.2)
PVC =Gy

Stabilizer =0y

Calcium Carbnate =0

Steric acid =Gy

Titanium dioxide=by

Pigment =0

Constant o

Coefficient =1
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Results for Table 2:

Surface Plot of 25mm W aste Pipe(kg) vs Stabilizer, PVC
Hold values
Calcium Carbnate o
Steric acid o
Titanium dioxide o
Pigment o
o
Im Waste Pipe(kg)4000000
-8000000
1
-12000000
Stabilizer
Fig 4-19: Surface Plot of 25mm Waste Pipe(kg) vs Stabilizer, PVC
Surface Plot of 25mm W aste Pipe(kg) vs Calcium Carbnate, PVC
Hold Values
Stabilizer o]
Steric acid (o]
Titanium dioxide o
Pigment o

10000000
m Waste Pipe(kg)p000000
o

-5000000

Calcium Carbnate

Fig 4-20: Surface Plot of 25mm Waste Pipe(kg) vs Calcium Carbnate, PVC

Surface Plot of 25mm W aste Pipe(kg) vs Steric acid, PVC

Hold Values
Stabilizer
Calcium Carbnate

Titanium dioxide

ocooo

Pigment

10000000

m Waste Pipe(kg)

-10000000

-20000000

Fig 4-21: Surface Plot of 25mm Waste Pipe(kg) vs Steric acid, PVC
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Surface Plot of 25mm W aste Pipe(kg) vs Titanium dioxide, PVC
Hold Values
Stabilizer o
Calcium Carbnate o
Steric acid o
Pigment o
o
-2500000
m Waste Pipe(kg)
-5000000
-7500000
Fig 4-22: Surface Plot of 25mm Waste Pipe(kg) vs Titdam dioxide, PVC
Surface Plot of 25mm W aste Pipe(kg) vs Pigment, PVC
Hold Values
Stabilizer o
Calcium Carbnate o
Steric acid o
Titanium dioxide o

o
-2500000
m Waste Pipe(kg)

-5000000

-7500000

Fig 4-23: Surface Plot of 25mm Waste Pipe(kg) vs Pigment, PVC

Surface Plot of 25mm W aste Pipe(kg) vs Calcium Carbnate, Stabilizer

Hold Values
PvC
Steric acid

Titanium dioxide

oo oo

Pigment

10000000

m Waste Pipe(kdkooo000

© 1

-5000000
Calcium Carbnate

o

Stabilizer

Fig 4-24: Surface Plot of 25mm Waste Pipe(kg) vs Calcium Carbnate, Stabilizer
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Surface Plot of 25mm W aste Pipe(kg) vs Steric acid, Stabilizer

Hold Values
PVvC o
Calcium Carbnate o
Titanium dioxide o
Pigment o
5000000
Im Waste Pipe(kg)
-5000000
1
-10000000
Steric acid
o
Stabilizer
Fig 4-25: Surface Plot of 25mm Waste Pipe(kg) vs Steric acid, Stabilizer
Surface Plot of 25mm W aste Pipe(kg) vs Titanium dioxide, Stabilizer
Hold Values
PVvC o
Calcium Carbnate o
Steric acid o
Pigment o

o
-1000000

m Waste Pipe(kg)
-2000000

-3000000

o

Stabilizer

Fig 4-26: Surface Plot of 25mm Waste Pipe(kg) vs Titanium dioxide, Stabilizer

Surface Plot of 25mm W aste Pipe(kg) vs Pigment, Stabilizer

Hold Values
PVC
Calcium Carbnate

Steric acid

oo oo

Titanium dioxide

o
-1000000
m Waste Pipe(kg)

-2000000

-3000000

o

Stabilizer

Fig 4-27: Surface Plot of 25mmWaste Pipe(kg) vs Pigment, Stabilizer
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Fig 4-28Surface Plot of 25mm Waste Pipe(kg) vs Steric acid, Calcium Carbnate

Fig 4-29: Surface Plot of 25mm Waste Pipe(kg) vs Titanium dioxide, Calciur@arbnate

Fig 4-30: Surface Plot of 25mm Waste Pipe(kg) vs Pigment, Calcium Carbnate




