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ABSTRACT 
For sugar cane bagasse to be used as a substrate for ethanol production, it must be initially hydrolyzed to fermentable sugar. 
For efficient hydrolysis of the sugarcane bagasse to fermentable sugar, optimization of the process factors was achieved using 
central composite design (CCD). The CCD involved four numeric factors which were; temperature, time, sodium hydroxide 
concentration and substrate/NaOH ratio with sugar content as the response. Sulphuric acid was used for the hydrolysis. 
Quadratic with two factors interaction (2FI) model was developed to predict the sugar content. Numeric optimization done gave 
the optimum conditions as; temperature of 120oC, time of 120 minutes, sodium hydroxide concentration of 2.5% and 
substrate/NaOH ratio of 1:10 with predicted final sugar content of 348.082mg/l. These optimum conditions were validated with 
little error of 0.2%. 
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1. INTRODUCTION 

The environment of the world is facing the major crisis of the global warming and environmental degradation mainly 
due to resources of energy are being explored in order to reduce oil dependence and increase energy production [1]. 
Various lignocellulosic materials such as agricultural residues (Wheat straw, sugarcane bagasse, corn stover), forest 
products (hardwood and soft wood), and dedicated crops (switchgrass, salix) are renewable sources of energy [2]. 
Approximately 90% of the dry weight of most plant materials is composed of cellulose, hemcellulose, lignin and pectin 
[3]. The presence of lignin in linocelluloses leads to a protective barrier that prevents plant cell destruction by fungi and 
bacterial for conversion to fuel. For the conversion of biomass to fuel, the cellulose and hemicelluloses must be broken 
[2]. The digestibility of cellulose present in lignocellulosic biomass is hindered by many physicochemical, structural 
and compositional factors. The lignocellulosic biomass need to be treated prior to fuel production to expose cellulose. 
According to Anindita and Kumar 2013 [1], there are many pretreatments methods that can be used; physical and 
thermal methods which involves ultrasound pretreatment, steam explosion method, catalyzed steam explosion, liquid 
hot water (LHW) pretreatment and thermo-chemical processes, chemical methods, which involves alkali pretreatment, 
alkaline peroxide pretreatment, organosolv, acid pretreatment and ozonolysis, and biological methods, which involves 
enzymatic treatment, and microbial pretreatment. 
Acids can be used as catalysts for sugarcane bagasse hydrolysis because they can break down heterocyclic ether bonds 
between sugar monomers in the polymeric chains, which are formed by hemicellulose and cellulose [4]. Sulfuric acid 
[5] - [7]  and HCl [6] –[7] are potential acids which can be used to hydrolyse sugarcane bagasse. The hydrolysate of 
lignocellulosic materials mainly consists of fermentable sugars such as xylose, glucose and arabinose [8]. After 
pretreatment and hydrolysis of lignocellulosic materials, the hemicelluloses fraction is liquefied to make sugars (xylose 
and glucose) accessible to fermenting microorganisms [9] – [10]. The purpose of the pretreatment is to remove lignin 
and hemicelluloses, reduce cellulose crystallinity and increase the porosity of the material [2]. 
Sugarcane bagasse is the fiber waste left after juice extraction. Traditionally, the bagasse is burnt after extraction 
constituting environmental pollution. The majority is burnt in sugar mills and alcohol industries for energy generation 
and a small fraction is used for animal feeding. Sugarcane bagasse is mainly composed of two polysaccharidic fractions 
(cellulose and hemicelluloses and a polyphenolic macromolecule (lignin). 
There are many factors that affect pretreatment of bagasse for maximal sugar production, such as; temperature, strength 
of the chemical used for the pretreatment, the type of chemical, the pretreatment time and the concentration of the 
substrate. 
The aim of this work was to optimize the pretreatment process factors for maximal sugar yield after hydrolysis. The 
optimization process was achieved using Response Surface Methodology (RSM). 
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2.MATERIALS AND METHODS 
Sugarcane bagasse was supplied by a local sugarcane dealer at Abakpa market in Enugu State of Nigeria. The 
chemicals, sodium hydroxide and sulfuric acid were supplied by De Clif Integrated main market Enugu Enugu State of 
Nigeria. 
 

2.1 Alkaline Pretreatment of Bagasse 

Bagasse was cut into small pieces, washed and dried in an oven at 80oC for 24 hours. The dried sample was then milled 
in an electric grinder and sieved to particle size of 4mm.  10g of ground dried bagasse was placed into a 250ml of flask 
containing 100ml of NaOH solution at different concentrations and heated at 121oC with constant stirring for different 
time intervals. After treatment, the pretreated bagasse was washed with water and the pH was adjusted with 0.5M 
sulfuric acid to neutral pH. The sample was dried for hydrolysis process. The conditions for the pretreatment process 
were based strictly on the design matrix on table 2. The factors and levels used for the RSM are shown on table 1. 
 
2.2 Acid Hydrolysis of the Bagasse 
The effectiveness of the pretreatment method was ascertained by hydrolysis of the pretreated sample and subsequent 
determination of glucose obtained. The pretreated sample was milled and sieved to 600μm. 100g of the sample was 
weighed into 2L conical flask and 300mls of 2M H2SO4 was added to the flask. This was hydrolyzed in a water bath at 
70oC with a homogenizer for 1 hour. At the end of the hydrolysis, the hydrolysate was allowed to cool and the sugar 
concentration was obtained using hand held brix refractormer which was converted to sugar concentration in mg/l. 
 
2.3 Optimization Using Response Surface Method 
Optimization of the process conditions for the alkali pretreatment process was accomplished using Response Surface 
Method (RSM). A response surface is an analytical model that tries to reproduce how the system actually responds to 
changes in the independent variables. By careful design of experiments, the objective is to optimize a response (output 
variables) which is influenced by several independent variables (input variables). 
 
Central Composite Design (CCD) [11], Box – Behnken and Doehlert design (BBD) [12] are among the principal 
response surface methodologies used in experimental design. This method is suitable for fitting a quadratic surface and 
it helps to optimize the effective parameters with a minimum number of experiments, and also to analyze the 
interaction between the parameters [13]. The CCD consists of a 2k factorial runs with 2k axial runs and no center runs. 
In CCD, each variables is investigated at two levels and as the number of factors, k increases, the number of runs for a 
complete replicate of the design increases rapidly. This kind of design provides equally good prrdiction at points 
equally distant from the center, a very desirable property for RSM. The center points are used to determine the 
experimental error and the reproducibility of the data. 
 
CCD was used in this study to determine the effect of various operating parameters. The independent variables studied 
were temperature (A), time (B), NaoH concentration (C) and substrate/NaOH ratio (D). The dependent variables were; 
the sugar concentration (mg/l). Since the number of independent variables is four, a 24 full factorial CCD consisting of 
16 factorial points, 8 axial points, and six replicates at the center points were employed, indicating that altogether 30 
experiments were conducted as calculated from equation (1) 
 

N =2n +2n +no = 24 + 2*4 + 6 = 30                                                                  (1) 
 
Where N is the total number of experiments required and n is the number of factors. 
 

Table 1: Factors and levels used for CCD 
 
 
 

 
Factors 

 
Units 

Levels  

-α -1 0 +1 +α 

 
1 

 
Temperature 

 
oC 

80 90 100 110 120 

2 Time Minutes 30 60 90 120 150 
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3 NaoH Conc. % 1.0 1.5 2.0 2.5 3.0 

4 Substrate/NaOH 
ratio 

- 1:08 1:10 1:12 1:14 1:16 

 
3. RESULT AND DISCUSSIONS 
CCD was used to develop a polynomial regression equation in order to analyze the correlation between the pretreatment 
conditions to the final sugar concentration of the hydrolysate. The design matrix with response data obtained is shown 
in table 2. 

 
Table 2. Design matrix with response data 

 

 
 
To select a good predictive model, a sequential model sum of square was used to compare different models. It shows the 
statistical significance of adding new model terms step by step in increasing order. The aim was to add a higher level 
source of term only if it explains a significant amount of variation beyond what was already accounted for [14]. Table 3 
shows the sequential model sum of square for the pretreatment process. 
 
 
 
 
 
 
 
 
 
 
 
 
 



International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org 

Volume 5, Issue 10, October  2016              ISSN 2319 - 4847 
 

Volume 5, Issue 10, October 2016                                                                                     Page 45 

Table 3: Sequential model sum of squares 
Source                sum of square  df  mean square        F- value               p-value prob>f 

Mean vs. total          1.274E+006         1  1.274E+006     

Linear vs. Mean      32378.53             4  8094.63                1.49                    0.2356 

2FI vs. linear    72072.80    6  12012.13           3.57                 0.0753 

Quadratic vs. 2FI  46036.62    4  11509.16           9.68                 0.0004 

Cubic vs. quadratic  5930.77            8  741.35                   0.44      0.8661 

Residual                11901.00    7  1700.14    

Total        1.442E+006   30 48075.05    
 
The quadratic vs..2FI model was selected based on the highest order model that was significant (has small p-value) and 
not aliased, on the insignificant lack of fit (high p-value) and reasonable agreement between adjusted R-squared and 
predicted R-squared. The lack of fit test were included because extra design points beyond what was needed for the 
model were involved and some points were replicated to provide estimate of pure error.  
  
3.1 Analysis of variance (ANOVA) 
Analysis of variances was used to interpret the relative contribution of each of the variables to the overall or total 
variability since the total variances of the process is equal to the sum of the component variance if the factors are acting 
independently [15]. In ANOVA, the mean squares were obtained by dividing the sum of the squares of each of the 
variation sources, the model and the error variance, by the respective degrees of freedom. The fisher’s variance ratio F- 
value is the ratio of the mean squares owing to regression to the mean squares owing to error. It is the measure of 
variation in the data about the mean [16]. The ANOVA of the regression model demonstrates that the model is highly 
significant as evidenced from the calculated F-value and a very low probability value. If the value of prob>F less than 
0.05, the model terms are considered as significant [17]. The ANOVA table for the suggested quadratic vs. 2F1 model 
is shown on table 4. 
The model F-value of 11.73 and prob>F of less than 0.0001 implied that the model was significant. There was only a 
0.01% chance that a “model F-value” this large could occur due to noise. Values of “Prob>F” less than 0.0500 
indicated model terms were not significant. In this case, the single effect of temperature (A), interaction effect of 
temperature and time (AB), interaction effect of temperature and NaoH conc (BC), interaction effect of time and 
substrate ratio (BD), quadratic effect of NaoH conc (C2) and quadratic effect of of substrate ratio (D2) were significant. 
Single effects of time (B), NaoH Conc (C) and substrate/NaOH ratio (D) were included in the model to support model 
hierarchy since their interaction effects were significant. The “Lack of fit F-value” of 0.39 implied the lack of fit was 
not significant relative to the pure error. There is a 91.73% chance that a “lack of fit F-value “this large could occur due 
to noise. Insignificant lack of fit is desirable because it is a measure of risk. The predicted R-squared of 0.7100 was in 
good agreement with the Adj.R-squared of 0.8161. 89.22% of the total variation of the response data around its mean 
was explained by the model. Adequate precision of 12.779 indicated adequate signal because it measures the signal to 
noise ratio.  
 

Table 4: ANOVA for CCD for pretreatment of bagasse 
Sources Sum of 

squares 
df Mean 

squares 
F- Value P-value 

Prob>F 
Comment 

Model 1.502E+00
5 

12 12514.89 11.73 <0.0001 Significant 

A- Temperature 26912.08 1 26912.08 25.22 0.0001  

B- Time 859.87 1 859.87 0.81 0.3819  

C- NaOH Conc. 1180.89 1 1180.89 1.11 0.3075  

   D – Substrate/   
NaOH 
ratio 

3425.70 1 3425.70 3.21 0.0910  

AB 12406.58 1 12406.58 11.63 0.0033  

AC 21967.93 1 21967.93 20.59 0.00033  
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BC 30695.50 1 30695.50 28.76 <0.0001  

BD 6693.48 1 6693.48 6.27 0.0227  

A2 18772.04 1 18772.04 17.59 0.0006  

B2 10665.42 1 10665.42 9.99 0.0057  

C2 9504.87 1 9504.87 8.91 0.0083  

D2 6980.75 1 6980.75 6.54 0.0204  

Residual 18141.08 17 1067.12    

Lack of fit 8737.95 12 728.16 0.39 0.9173 Not 
significant 

Pure Error 9403.13 5 1880.63    

Cor Total 
1.683E+006 

29      

 
The model equation generated was presented in both actual and coded form irrespective of the form of the model, it is 
only the approximation, not to make exact prediction particularly outside the actual experiment region [14]. Only the 
model equation in coded form can be used in response prediction, the actual form has been scaled to accommodate their 
various units. 
The final equation in coded form;  

 
Sugar content (mg/l) = +244.90+33.49A – 5.99B+7.01C+11.95D-27.85AB-37.05AC+43.80BC-20.45BD-26.16A2-
19.72B2-18.62C2+15.95D2                                                                        (1) 
 
The final equation in actual form; 
Sugar content (mg/l) = +41610.52068 + 72.14878 temperature + 45.36604 Time + 790.15198 NaoH conc – 
85672.89906 Substrate ratio – 0.092821 Temperature * Time – 7.41079 Temperature * NaoH Conc + 2.92002 Time * 
NaoH conc – 34.08903 Time * Substrate/NaOH ratio – 0.26101 Temperature2 – 0.021910 Time 2 – 74.46145 
NaoHConc2+39883.15885substrate/NaOHratio2                                                                                               (2)                                  
 
Each factor adjusted the intercept by the amount of its coefficient, while its effect on interaction with other factors 
affects the slope due to the factor. The magnitude of the coefficients of the factors gives indication of the contribution of 
the factors to the overall response. It can be seen that single effect of temperature had highest contribution, followed by 
Substrate/NaOH ratio, NaoH Concentration and lastly time. 
 
3.2 validation of model 
It is always good to validate statistical assumptions to know whether the generated model will explain the process well. 
ANOVA assumed that residuals are independent of each other and had constant variance. Any deviation from the 
assumptions of ANOVA means that the residuals contain structures that were not accounted for. Identification of the 
structures will lead to a better model. Residuals were generated according to work done by Ejikeme P.C.N etal 2014 
[14] and is shown on table 5 with the actual and predicted value. An efficient way of diagnosing the residual for these 
structures is the use of residual plots. The residual plots used are normal plot of residuals, residual verses predicted 
values and plot of predicted values vs. actual values [18]. 
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Table 5:  Actual values, and predicted values with the residuals according to standard order.  
 
  Standard Actual Predicted  
  Order Value Value Residuals 
 1 193.91 175.32 18.59 
 2 204.15 238.15 -34.00 
 3 158.46 172.34 -13.88 
 4 142.25 123.79 18.46 
 5 153.40 175.85 -22.46 
 6 112.88 90.47 22.41 
 7 360.05 348.08 11.96 
 8 127.06 151.31 -24.25 
 9 229.37 240.12 -10.75 
 10 284.51 302.95 -18.44 
 11 116.93 155.33 -38.41 
 12 103.76 106.78 -3.02 
 13 220.98 240.66 -19.68 
 14 158.46 155.27 3.19 
 15 344.85 331.07 13.78 
 16 124.02 134.30 -10.28 
 17 224.31 207.23 17.07 
 18 82.90 73.29 9.61 
 19 195.22 178.00 17.22 
 20 163.53 154.05 9.47 
 21 183.79 156.41 27.37 
 22 183.79 184.47 -0.69 
 23 283.06 284.82 -1.76 
 24 361.06 332.61 28.45 
 25 185.81 244.90 -59.09 
 26 254.69 244.90 9.79 
 27 305.35 244.90 60.44 
 28 204.04 244.90 -40.86 
 29 254.69 244.90 9.79 
 30 264.82 244.90 19.92 
 
The residual plots for the pretreatment process are shown on fig 1(a-c). Normal plot of residuals in fig 1a Indicates 
whether the residuals followed a normal distribution in which case, the points will follow a straight line. There is a 
small moderate scatter which is normal even with normal data.  
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Figure 1: Residual plots (a) normal plot of residuals, (b) residual vs. predicted values, (c) predicted vs, actual values 
 
Fig 1b shows plot of residual versus predicted values. It was used to test for assumptions of constant variance. The plot 
should be a random scatter. Fig 1c shows the plot of predicted versus actual value. This plot was used to detect a value 
or group of values that were not easily predicted by the model. The condition is that the data point should be split 
evenly by the 45 degree line.     
The results of the validation show that the residuals met the conditions of ANOVA and can be used to predict the 
response with high accuracy. 
 
3.3:  3D Surface with contour Plots 
3D surface plots are three dimensional representation of the response across the selected factors. The interaction effects 
displayed were those considered significant by ANOVA. Fig 2(a – d) show the 3D surface with contour plots of the 
interaction effect of temperature with time, interaction effect of temperature with NaOH conc, interaction effect of time 
with NaOH conc and interaction effect of time with substrate/NaOH ratio.  
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Figure 2:  3D surface with contour plots of (a) interaction effect of temperature with time, (b) interaction effect of 
temperature with NaOH conc, (c) interaction effect of time with NaOH conc and (d) interaction effect of time with 

substrate/NaOH ratio. 
 
From the pattern of the plots, it was evidenced that maximization optimization and quadratic model were involved. Fig. 
2a shows that decrease in temperature and increase in time increased the final sugar content of the hydrolysate. Fig. 2b 
shows that decrease in temperature and increase in NaOH conc increased the final sugar content of the hydrolysate. 
Fig. 2c shows that increase in both time and NaOH concentration increase the final sugar content of the hydrolysate. 
Fig. 2d shows that increase in substrate/NaOH ratio and decrease in time increase the final sugar content of the 
hydrolysate. 
 
3.4 Process Optimization 
For economic reasons, it is always good to optimize process conditions for pretreatment of bagasse for maximal sugar 
content. The process optimization was achieved using numerical method since high sugar content was desired, the 
target was a maximize the sugar content of the hydrolysate after pretreatment. A set of condition for maximal sugar 
content was given, but the best condition was selected based on the highest desirability. The optimum conditions at 
highest desirability (0.98) are: Temperature of 120oC, time of 120 minutes, sodium hydroxide concentration of 2.5% 
and substrate/NaOH ratio of 1:10 with predicted final sugar content of 348.082mg/l. 
  
3.5 Validation of Optimum Conditions 
The optimum conditions obtained where validated by repeating the experiment at the said conditions. The result 
obtained was compared with the predicted value and the percentage deviation obtained. Table 6 shows the validated 
result. 
 

Table 6: Verification of Optimum Conditions. 

Model 
Desirabilit

y 

Temperature 
(oC) 

Time 
(Minutes) 

NaOH  
Conc. 
(%) 

Substrate 
/ NaOH  

ratio 

 
Sugar  Content (mg/L)  

 
 
 

 
 
Error 
(%) 

 
Predicted  
value 

Experimental  
Value 

 

0.98 110 120 2.5 1:10 348.082 347.39 0.2 
 
From table 6, it was seen that deviation from the predicted value was 0.2%. This little error shows that the optimum 
conditions were valid, and that the model equation generated can be used to navigate the design space. 
  
 



International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org 

Volume 5, Issue 10, October  2016              ISSN 2319 - 4847 
 

Volume 5, Issue 10, October 2016                                                                                     Page 51 

4.CONCLUSION 
The problem of hydrolyzing biomass can easily be overcome by pretreating the biomass to remove the lignin and 
expose the cellulose to the enzyme for hydrolysis. During pretreatment process, the inner surface area of the substrate 
particle is enlarged by partial solubilization of hemicellulose and lignin. Optimization of the process conditions for the 
pretreatment of sugarcane bagasse was achieved using central composite design. Four numeric factors were involved; 
pretreatment temperature, pretreatment time, NaOH concentration and the substrate/ NaOH ratio. It was established by 
ANOVA that only the pretreatment temperature was significant while interaction effects of temperature and time, 
interaction effect of time and NaOH concentration, quadratic effect of temperature, quadratic effect of time, quadratic 
effect of substrate concentration were significant. It was validated that quadratic and two factors interaction (2FI) model 
was good in predicting the process. Numerical optimization was achieved at 0.98 desirability. The optimum conditions 
were:  temperature of 120oC, time of 120 minutes, sodium hydroxide concentration of 2.5% and substrate/NaOH ratio 
of 1:10 with predicted final sugar content of 348.082mg/l. These conditions were validated with little error of 0.2%.   
 
Acknowledgement 
The authors wish to thank PYMOTECH RESEARCH CENTRE AND LABORATORIES ENUGU, ENUGU STATE 
NIGERIA for all their facilities used throughout the research work 
 
References 
[1]. Anindita Roy anmd Ashiwani Kumar (2003). Pretreatment Methods of Lignincellulosic Materials for Biofuel 

production. Journal of Emergency Trends in Engineering and Appl;ied Sciences. 4(2)_ Pg. 181 – 193. 
[2]. Muhammad irfan, Mohammad Gulsher, Sajjad Abbas, Quratualain Syed, Mohammad Nadeem and Shalijahan 

Baig (2011). Effect of varcous Pretreatment Conditions on Enzymatic Saccharification Songklanakarin J. Sci. 
technol: 33(4), 397 – 4021. 

[3]. Yat, S.C., Berger, A. and Shonnard, D.R. (2008). Kinetic Characterization of Dilute Surface Acid Hydrolysis of 
Timber Varieties and Switchgrass. Bioresource technology 99, 3855 - 3863         

[4]. Aguilar, R., Ramirez, J.A. Garrote, G., Vazquez, M. (2002). Kinetic Study of Acid Hydrolysis of Sugarcane 
Baggasse. J. Food Eng. 55, 309 – 318. 

[5]. Ngugen, Q. Ai Tucker, M.P. (1999). Dilute Acid Hydrolysis of Softwoods. Appl. Biochem. Biotechnol. 77 – 79, 
133 – 142. 

[6]. Sun, Y, Cheng. J. (2002). Hydrolysis of Ligninocellulosic materials for Ethanol Prduction. A Review, Bioresource 
technol. 83, 1 – 11. 

[7]. Herrera, A. tellez – Luis, S.J., Gorizalez – gabrialezs, Hydrolysic Acid Concentration on the Hydrolysis of 
Sorghum Straw at Atmospheric Pressure. J. Food Eng. 63, 103 – 109. 

[8]. Rodriguez – Chong, A. Ramirez, J.A. Garrote, G., Vazquez, M. (2004). Hydrolysis of Sugarcane Bagasse Using 
Nitric Acid: A Kinetic Assessment. J. Food Eng. 61, 143 – 152. 

[9]. Lyrid, R.R., Wyman, C.E. (1999). Gerngross TU. Biocommodity Engineering. Biotchnol. Prog. 15, 777 – 793. 
[10]. Aristidou, A., Penttila, M. (2000). Metabolic Engineering Application to Renewable Resource Utilization 

Biotechnology 11, 187 – 198. 
[11]. D.L. Massart, et al. handbook of Chemometric and Qualimetrics, Part A, Elsevier, Amsterdam 2003. 
[12]. S.L.C. Ferrera, W.N.L. Dos Santos, C.M. Quintella, B.B. Neto, J.M. Bosque – Sendra, Doehlert Matrix a 

Chemometric Tool for Analytical Chemistry – Review, Talanta 63 (4). 1061 – 1067 (2004). 
[13]. R.A. Zargohar, A.K. dalai, Production of Activated carbon from Luscar Char; Experimental and Modelling 

Studies, Micropor, Mespor, mater, 85 (2005) 219 – 225. 
[14]. Ejikeme patrick C.N. Ejikeme Ebere M and Egbuna Samuel O. (2014). Optimization of Chemical Treatment 

Conditions of Ampelocussus Cavicaulis Fibre using RSM. International Journal of Scientific and Engineering 
Research Vol. 5 (10) Pg. 887 – 901. 

[15]. Ejikeme Ebere, Egbuna S.O., Ejikeme P.C.N. (2013). Optimal; Bleeching Performance of Acid Activated 
Ngwulangwu Clay. Inter. Journal of Engineering and Innovative tech. Vol. (3), Issue 5, Pg. 13 – 19. 

[16]. Mohd Azmier Ahmad and Rassyidah Alrozi (2010). Optimization of Preparation Conditions for mangosteen Peel 
Based Activated carbons for the Removal of Remazol Brillant Blie R. Using Response Surface Methodology. 
Chemical Engineering Journal 165, Pg 883 – 890. 

[17]. J.N. Sahu, J. Acharya, B.C. Meikap (2010). Optimization of Production Conditions for Activated carbon from 
Tamarind Wood by Zinc Chloride using Response Surface methodology, Bioresour. Technol 10, pg. 1974 – 1982. 

[18]. Mark, J. Anderson and Patrick J. Whitecomb. RSM for Simplified Optimization Processes using Taylor and 
Francis Group Boca Raton Londom New York, 2005.      

  
 
 


