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Abstract 

 
The tensile strength in a composite of recycled plastic (PET) filled with wood chips waste (sawdust) was 
investigated. The aim was to develop a mixture capable of replacing wood in structural applications. An 
experimental design defined as a central composite set with centers in the faces and center points was carried out to 
establish the operating conditions that maximize the mechanical property of interest. The tensile strength of the 
composite was highly dependent on the process parameters of the experiment. A regression analysis of the 
experimental data was carried out according to the basis of the response surface methodology (RSM). 
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1. Introduction 
Recycling as a conservation strategy of natural resources is an issue of vital interest around the world. Some plastics 
are excessively used by various sectors of the population and industries resulting in the accumulation of large 
amounts of waste. This waste represents a significant negative impact on the environment, which has been 
increasing year by year [1, 2]. In addition to this, the major processes used for the management of plastic waste such 
as incineration and landfill disposal represent environmental drawbacks [3]. It must be remembered that the raw 
material for the production of plastics is oil, whose reserves have a limited life [4]. Other activity that impacts the 
environment and natural resources is the tree felling; numerous articles from around the world show the high 
deforestation rates that take place at present and the harmful consequences to the environment [5-8]. The creation of 
mechanisms for reusing plastic waste is increasingly urgent. In order to be efficient those means should be 
directed to the replacement of natural materials under shortage problems. 
 
The Response Surface Methodology (RSM) is a procedure used of increase the efficiency of manufacturing 
processes and formulations and basically involves three aspects: design, modeling and optimization 
techniques. The design aspect involves optimizing a process to apply a design of experiments, particularly 
those used to fit a multiple linear regression model. The model can be of first or second order; it uses multiple 
linear regression analysis along with its basic elements: model parameters, model fitting, significance of the model, 
lack of fit, residuals, predicted, and determination coefficient. At the end, the optimization consists of some 
mathematical techniques used to, for an adjusted model, explore information about the optimum [9]. The RSM 
distinguishes three stages to pursuit of optimum: screening, first order search (class I), and second order search 
(class II). The screening stage is used to understand the influence of the main factors on the variable of interest. The 
first order search applies when there are just a few factors, and it is also known that all they influence the response 
variable. In that case a first order design is accomplished to characterize preliminarily the response surface and the 
presence of curvature. The second order search is used when detecting the presence of curvature, a complete 
a second-order design should be executed to better characterize the response surface and to model the 
surface curvature. The adjusted model provides the optimum operating conditions of the process or the 
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formulation. Many experimental design techniques have been described in some textbooks [9,10,11], although not 
too much articles have been published. 
 
This article describes the Response Surface Methodology (RSM) used to maximize the tensile strength of a 
composite material made of plastic (PET), wood waste (sawdust) and a coupling agent [15]. The experimental 
design considers formulation and process parameters to characterize the response surface in order to arrive at the 
best obtainable experiment. 
 
2. Experimental Procedure and Materials 
2.1 Materials 
The first stage in the manufacture of a wood plastic composite is the preparation of the materials to be 
mixed: PET (high and low viscosity types), wood (pine sawdust) and a coupling agent (maleated polyethylene or 
polypropylene). The sawdust must be screened with meshes in accordance to ASTM E 11 so that the particle size of 
the sawdust can be controlled. The mesh sizes used in the experiments were of 1, 1.4 and 2 mm openings, 
corresponding to mesh numbers of 18, 14 and 10 (ASTM), respectively. The three materials were dried in a drying 
oven at a temperature of 100 ° C for 8 hours. Once the materials were ready they were weighed to produce the 
different formulas of each treatment of the experimental design. 
 
2.2 Preparation of the compound 
The operating parameters in the single-screw laboratory Brabender extruder were set as: 90 RPM rotational 
speed and a temperature profile of 240, 250, 260 and 260 °C. Once the equipment has reached the temperatures the 
materials previously blended are fed into the hopper. The screw pushes the material through the 4 heating zones 
executing the melting of the plastic and the mixing with the other ingredients. The final composite is grinded to a 
coarse powder and passed through a 5 mm hole mesh. The molding is done in a hydraulic press at 260°C for 3 
minutes to produce the specimens that will be evaluated in the laboratory. The specimens are obtained by cutting the 
boards with a cutting mold.  
 
2.3 Mechanical Testing 
The specimens were mechanically analyzed following the standard ASTM D 638 for tensile properties [12]. The 
stress test was carried out using an Instron Universal Testing Machine (model 1196) at a speed of 1 mm / min. 
 
3. Design of Experiments 
3. 1 Factors and factorial experimental 2^4 (screening) 
Table 1 displays the first experimental design. It is a 2^4 factorial experimental design without replicates where 
two factors are qualitative and the two others quantitative. The objective is to determine whether the change in the 
level of these factors has a statistically significant effect on the response variable, which here is the tensile strength. 
Table 2 shows the experimental combinations, in random order, of the factors and their levels used in each run 
in coded units. 

Table 1: Experimental factors and levels 
Symbol Factor Low Level High Level 
A 
B 
C 
D 

Kind of PETa 

% of sawdustb 

Type of additivea 

Particle sizeb 

0.75 
10 
PP 
1 mm 

0.85 
20 
PE 
2 mm 

aQualitative Factor. 
bQuantitative Factor 
 
3.2 Design Factor 2^2 with center points (search I) 
Once analyzed whether some or all factors have a significant effect, the level at which the qualitative 
factors maximize the response variable are determined, and the optimization proceeds. A 22 factorial design with 
center repetitions is executed with the aim of estimating the lack of fit of the first-order model. Table 3 shows 
in coded units and in random order the arrangement of the 2 orthogonal quantitative factors A and C of Table 1. 
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Table 2: Design of Experiments 2^4 and their results. 

Test # Natural Variables Coded Variables Response 
 PET Wood Additive Particle A B C D Ya 

1 0.75 20 PE 2 -1 1 1 1 11.64 
2 0.85 10 PE 2 1 -1 1 1 19.29 
3 0.85 20 PP 2 1 1 -1 1 11.33 
4 0.75 10 PP 1 -1 -1 -1 -1 12.81 
5 0.75 10 PE 2 -1 -1 1 1 15.24 
6 0.85 20 PE 1 1 1 1 -1 18.09 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 

0.85 
0.75 
0.75 
0.85 
0.75 
0.75 
0.85 
0.75 
0.85 
0.85 

20 
10 
10 
20 
10 
10 
20 
10 
20 
20 

PP 
PE 
PP 
PE 
PE 
PP 
PP 
PP 
PP 
PE 

1 
1 
1 
2 
1 
2 
1 
2 
2 
1 

1 
-1 
-1 
1 
-1 
-1 
1 
-1 
1 
1 

1 
1 
1 
1 
-1 
-1 
-1 
1 
-1 
-1 

-1 
1 
-1 
1 
1 
-1 
-1 
-1 
-1 
1 

-1 
-1 
-1 
1 
-1 
1 
-1 
1 
1 
-1 

20.72 
18.49 
21.35 
19.21 
21.64 
23.3 

15.71 
17.57 
14.2 
23.1 

a Tensile strength (Kgf/mm2). 
  

Table 3: Design of experiments 22 and results. 
Test # Natural Variables Coded Variables Response 

 Wood Particle B D Ya 
1 10 1 -1 -1 11.28 
2 20 1 1 -1 21.35 
3 10 2 -1 1 24 
4 20 2 1 1 13.82 
5 15 1.5 0 0 10.89 
6 15 1.5 0 0 11.6 
7 15 1.5 0 0 12.4 

a Tensile strength (Kgf/mm2). 
 
3.3 Central composition design (CCD) with axial points on the faces (search II) 
If the lack of fit is significant a second order model should be formulated in order to better characterize the response 
surface. In this study using a central composition design (CCD) with axial points on the faces was executed to 
determine the best hierarchical model and the stationary point (optimal candidate) at the optimal process 
conditions. Table 4 shows the orthogonal array of the CCD and the results. 
 

Table 4: Design of central composition (DCC). 
Test # Natural Variables Coded Variables Response 

 Wood Particle B D Ya 
1 10 1 -1 -1 11.28 
2 20 1 1 -1 21.35 
3 10 2 -1 1 24 
4 20 2 1 1 13.82 
5 10 1.5 -1 0 7.22 
6 20 1.5 1 0 7.6 
7 15 1 0 -1 10.55 
8 15 2 0 1 12.35 
9 15 1.5 0 0 10.89 

10 15 1.5 0 0 11.6 
11 15 1.5 0 0 12.4 

a Tensile strength (Kgf/mm2). 
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4. Results and Discussion 
 
4.1 Model 
The response surfaces are characterized by fitting a model to the experimental data. The models basically used in a 
MSR problem are polynomials. Thus, if there are k factors, the first order model is given by: 

 
(1) 

And the second-order model is: 

 
(2) 

The way to estimate the parameters of these models and their interpretation can be found in Montgomery 
(2004). A response surface model is hierarchical if it contains all the simplest terms that make up the higher order 
terms included in the model.  
 
4.2 Statistical Analysis  
The experimental design 2^4 shown in Table 2 was analyzed using a multiple linear regression model (1). As the 
experiments were executed care was taken to avoid the run bias. The analysis of the data generates the 
ANOVA results shown in Table 5 (Statgraphics software used to analyze the data). As shown in the ANOVA (Table 
5) three main factors (B, C and D), five double-interacting factors (AC, AD, BC, BD and CD) and three three-way 
interaction effects (ABD, ACD and BCD) are significant. To predict the tensile strength and to determine the best 
treatment, the fitted regression model related to the ANOVA which is presented below, can be used: 
 

 
(3) 

Table 5: ANOVA for the 24 design. 
Source SC GL CM F0 P-Value 

B: Wood 2.967 1 2.967 312.11 0.036** 
C: Additive 5.892 1 5.892 619.88 0.025** 
D: Particle 25.326 1 25.326 2664.15 0.012** 

AB 0.0612 1 0.0612 6.44 0.238* 
AC 41.441 1 41.441 4359.39 0.009*** 
AD 3.106 1 3.106 326.78 0.035** 
BC 
BD 
CD 

ABC 
ABD 
ACD 
BCD 

ABCD 
Total error 

Total (corr.) 

17.619 
19.514 
8.628 
0.3393 
8.658 
49.596 
44.322 
0.063 
0.009 

227.547 

1 
1 
1 
1 
1 
1 
1 
1 
1 
15 

17.619 
19.514 
8.628 
0.339 
8.658 
49.596 

44.3223 
0.0637 
0.0095 

1853.41 
2052.79 
907.71 
35.69 

910.80 
5217.28 
4662.44 

6.71 

0.014** 
0.014** 
0.021** 
0.105* 

0.021** 
0.008*** 
0.009*** 

0.234* 

R2=99.9958%, R2
ad=99.9373%. 

* Not significant. 
** Significant. 
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*** Highly significant. 
These effects explain, according to the statistic R2, 99.99% of the variability observed; the value of the R2

ad 
statistic is very similar: 99.93%. This means that the factors studied, along with all their interactions, explain a high 
percentage of the observed variability in the response variable (tensile strength). 
 
The magnitude of F0 indicates the weight of each factor, and the signs of the coefficients indicate whether 
the corresponding factor level should be increased or decreased to expect the response to have a better value. The 
regression model (3) is used to estimate the values of the response for the 16 treatments. These are shown in Table 6. 
 

Table 6: Estimated results for the tensile strength. 
Run Observed values Adjusted values 

1 11.64 11.61 
2 19.29 19.31 
3 11.33 11.35 
4 12.81 12.78 
5 15.24 15.21 
6 18.09 18.11 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 

20.72 
18.49 
21.35 
19.21 
21.64 
23.3 

15.71 
17.57 
14.2 
23.1 

20.74 
18.46 
21.32 
19.23 
21.61 
23.27 
15.73 
17.54 
14.22 
23.12 

 
From Table 6 it can be observed that the maximum estimated value for the tensile strength is 23.27 kgf; this 
value corresponds to run number 12. Table 7 shows the arrangement of the factors maximizing the tensile strength. 
 

Table 7: Optimal response to the tensile strength of the design 22. 
Factor Low High Optimal 
PET -1 1 -1 
Wood -1 1 -1 
Additive -1 1 -1 
Particle -1 1  1 

Estimated optimum value = 23.27 Kgf. 
 
From the results obtained in the 2^4 factorial design it can be observed that the 4 factors studied have a statistically 
significant effect on the response variable. Moreover, it is also known the level at which the two categorical 
factors (type of both PET and coupling agent) should be selected to maximize the response variable. For the plastic, 
the best alternative is the low viscosity type, while for the coupling agent, the best one is the PP. It is noteworthy to 
state, although not shown, that the assumptions of normality, independence and constant variance are 
met satisfactorily. 
 
The next step is to fix the categorical factors at their optimum level and continue the exploration by moving the 
continuous factors in search for a better optimum. This corresponds to the search stage I, where using a 2^2 factorial 
design with replicates at the center whether there is a lack of adjustment or the presence of curvature in at least one 
of the factors can be determined. When in a 2^k factorial design the k factors admit an intermediate level of testing it 
is recommended to implement an additional treatment consisting of a combination of intermediate levels of all those 
factors. This combination is known as the central point. To carry out the search I a 2^2 factorial design with 
three central points can be used. In this investigation the continuous factors were the concentration of sawdust and 
the particle size (in regard of the first experimental design). The second experimental design implemented is 
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shown in Table 3. The variables are in coded units and the responses obtained for the tensile strength are displayed. 
Table 8 shows the ANOVA for the values of the tensile strength of the experiments shown in Table 7. 
 

Table 8: ANOVA for the design 22. 
Source SC GL F0 P Value 

B: Wood 4.70 1 4.70 0.102* 
D: Particle 16.97 1 16.97 0.032** 

AB 62.41 1 62.41 0.009*** 
Lack of fit 77.99 1 77.99 0.007*** 
Pure error 1.14 2 0.57  

Total (runs.) 163.22 6   
R2=51.51%, R2

(ad)=3.03% 
* Not significant. 
** Significant. 
*** Highly significant. 
 
The data is used to obtain a first order model and the curvature is estimated by the unadjusted test [11]. A strong 
presence of pure curvature is detected, therefore the model does not adequately fit the data (Equation 4). This 
implies that either one or both pure quadratic terms strongly influence the tensile strength. The model is given by: 

 
(4) 

For the search I the determination coefficients R2 and R2ad are too small. This is an indication of a significant 
curvature effect; it was corroborated by the multiple regression analysis shown in Table 8 
 
Table 9 shows that the curvature (A2 or B2) is statistically significant. From the variance analysis it can be observed 
that the regression model is significant, and according to the coefficients of determination, R2 and R2

ad, the 
model explains correctly the variability of the data. It is noteworthy to state, although not shown, that the 
assumptions of normality, independence and constant variance are met satisfactorily. Figure 1 shows the interaction 
of the two factors. The sawdust concentration factor has a positive or negative effect on the tensile strength, 
depending on the particle size. From the results shown in the experimental CCD design the decision to complete a 
central composite design with axial points on the faces is made. This resolution aims the study of the pure quadratic 
effects and thus determines the arrangement of the factors that optimizes the tensile strength. 
 

Table 9. Multiple regression analysis. 
Parameter Estimated Standard Error Statistical T P-Value 
Constant 11.63 0.436 26.66 0.0014*** 
B: Wood -0.027 0.377 -0.072 0.9486* 

D: Particle 1.297 0.377 3.435 0.075* 
Interaction -5.062 0.377 -13.402 0.005*** 
Curvature 5.982 0.576 10.368 0.009*** 

ANOVA 
Source SC GL CM F0 P-Value 
Model 170.6 4 42.65 74.74 0.013** 

Residual 1.141 2 0.57   
Total (Runs) 171.74 6    

R2=99.33%, R2
(ad)=98.00% 

* Not significant. 
** Significant. 
*** Highly significant. 
 
The central composite design (CCD) is the most used in the search II phase of the second order model due to its 
flexibility: it can be built from a full factorial design by adding points on the axes and at the 
center. A CCD with axial points on the faces was used. This variant is useful when a complete CCD should be 
run, but it is complicated because the treatment levels go beyond the values of -1 and +1 due to restrictions of the 
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process [11]. The CCD finally implemented in coded units is presented in Table 4 which shows the variable levels 
and the responses obtained for the tensile strength. The ANOVA for the experimental design shown in Table 4 is 
displayed in Table 10. A block effect was considered because the execution of the axial points took place at another 
time. When using response surface designs, it is often necessary to consider the formation of blocks to remove the 
disturbing variables [11]. 

 
Figure 1: Interaction plot, design 22. 

 
Table 10. ANOVA for the CCD. 

Source  SC GL CM F0 P-Value 
D: Particle 8.14 1 8.14 28.53 0.003*** 
AA+block 2.38 1 2.38 8.35 0.034* 
AB 102.51 1 102.51 359.12 0.000*** 
BB+block 63.44 1 63.44 222.25 0.000*** 
Blocks 68.08 1 68.08 238.5 0.000*** 
Lack of fit 0.213 2 0.106 0.26 0.784* 
Total error 1.213 3 0.404   
Total (runs) 270.11 10    

R2=99.47, R2
(ad)=98.94% 

* Not significant. 
*** Highly significant. 
 
Table 10 shows that the main effect A is not statistically significant, so it is decided to send it to the error since it has 
a very small contribution. On the other hand, the main factor B is significant, as well as the AB interaction which is 
the one that has the highest influence. The quadratic effects are also significant, but the quadratic B effect  has 
a much greater impact to the quadratic effect than the A effect. The block effect is also significant so that it should 
be kept in mind that a percentage of the variability in the response is due to the fact that the experiments performed 
to complete the CCD were performed in a different time. The second order CCD model is given by: 

 
(5) 

Table 10 also shows the test for the lack of fit for the experimental design of Table 4. As before, the assumptions 
of normality, independence and constant variance are met satisfactorily. 
 

Table 11: Optimal response to the tensile strength, CCD. 
Factor Low High Optimal 
Sawdust conc. -1 1 -1 
Particle size -1 1  1 

Estimated optimum value = 21.24 Kgf. 
 
5. Conclusions 
To verify the prediction of the statistical model about the optimum experimental set, 5 confirmatory runs were 
conducted (Table 11). The values of the tensile strength (Y) are presented in Table 12. 
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One viewpoint about the optimization process carried out is seen by considering that in the center of the initial 
experimental region the average value of Y is 17.73 (see Table 2). The optimum value shown in Table 11 is 23.41. 
By comparison then there is an increase of 32% in the tensile strength by following the Response Surface 
Methodology. A statistical methodology presented illustrates how through proper planning significant experimental 
improvement in processes and products can be achieved. This occurs in the context of a new product or process 
either in research or under industrial applications. In the former, the experimental planning is an aid to the 
researchers to achieve new materials with better properties and to learn more about the factors that impact the 
quality of products and processes, whereas in the latter the manufacturer can have a greater competitiveness in the 
development of existing products. 

Table 12: Confirmatory tests. 
# Run Y 

1 22.12 
2 24.80 
3 23.41 
4 24.00 
5 23.12 

Average 23.49 
Std Des. a. 0.99 

a Standard deviation. 
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