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Abstract: A common problem encountered in product / process design is the setting of process 
variables (controllable variables) to optimize of quality characteristics (response variables) at the same 
time, called a multiple response optimization (MRO) problem. Robustness is another important concept 
in MRO. It refers to the low sensitivity of response to uncontrollable (noise) variables. Several 
techniques have been proposed to solve MRO problems in recent years. Most of these techniques do 
not have deal with robustness. This paper proposes a robust approach for MRO problem. It also 
considers the difference in the quality of prediction as well as relative importance among responses. 
Properties of the proposed approach are revealed with a numerical example from literature. We show 
that the proposed approach gives more satisfaction results in comparison with the existing techniques. 
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INTRODUCTION 

 
 Response surface methodology (RSM) is a collection of mathematical and statistical techniques used for the 
modeling and analysis of problems in which a response of interest is influenced by several controllable variables 
and the objective is to optimize this response. For detailed descriptions on various RSM techniques, see  Box 
and Draper (1987), Khuri and Cornell (1996), Myers and Montgomery (2002). Most of these methods have 
focused on the case with only one response variable, while a process/product is often evaluated by several 
responses. Optimizing the process with respect to any response will in many cases lead to non-optimum values 
for the remaining response variables. It is desirable to find an overall optimal solution or a best compromise of 
the product characteristics simultaneously. These types of problems are called multiple response optimization 
(MRO) (Hwang et al., 1979).  
 The dual response optimization (DRO) methods model mean and variance of the single response, 
simultaneously. In other words, DRO methods are robust design techniques which try to adjust control variables 
so that response of interest is as close as possible to its target value with minimum sensitivity to uncontrollable 
variables. They have been widely explored (for example  Lee et al., 2010; Vining and Myers, 1990; Del Castillo 
and Montgomery, 1993; Lin and Tu, 1995; Kim and Lin, 1998; Del Castillo et al., 1999 and  Tang and Xu, 
2002).when there is more than one response of interest, the existing DRO methods might not be appropriate.  
 In today’s highly competitive market, companies are induced to constantly improve the quality of their 
products. Such a product can involve the simultaneous study of several responses, with each one having its own 
relative importance to customers. Therefore the challenge is how to determine optimal control variable setting 
for obtaining the overall desired quality. In this regard, this study presents a systematic and robust strategy to 
optimize multiple quality characteristics simultaneously. 
 The rest of the paper is organized as follows. In the next section, we will briefly review some existing 
techniques in the literature MRO. A robust approach to MRO problems and also its modified version 
considering quality of estimated response models are presented in section 3. In section 4, we will illustrate the 
effectiveness of the proposed method with an example from literature and compare our method with some 
existing methods. Finally concluding remarks are reported in Section 5. 
 
Multiple Response Optimization Techniques: 
 The optimization of multi-response problems has received high attention over the last three decades. Ortiz 
et al., 2004 classified these methods into three basic categories. The first category is a relatively straightforward 
method for optimizing multi-responses that works well when there are only a few control variables. This method 
consists of overlaying the contour plots for each response and finding the region of interest in which all the 
responses are satisfied (Myers and Montgomery, 2002). However, when there are more than three responses, 
overlaying contour plots becomes awkward. The second category consists of selecting one response variable as 
primary objective function and optimizing it by applying other response variables in the constraints criteria. 
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Typical examples to such methods are Logothetis and Haigh, 1988; Del Castillo, 2007 and  Fan, 2000. 
According to Kim et al., 2001, the main disadvantage of these methods is that they do not conform to the basic 
idea of MRO problems to simultaneously consider all of the response variables. Moreover, the choice of a 
response variable as an objective function may not be easy in the most of manufacturing processes. The third 
category consists of methods that aggregate the multi-responses into a single aggregated function and optimize it 
as a single objective function problem. The most popular of these methods has been defined as desirability 
function (Plante, 1999; Jeong and Kim, 2005 & 2009 and  Ch’ng et al., 2005), loss function (Pignatiello, 1993; 
Ames et al., 1997; Mak and Nebebe, 2002 and  Chang et al., 2009), distance function (Khuri and Conlon, 1981), 
proportion of conformance (Chiao and Hamada, 2001) and principal component analysis (Antony, 2000; Liao, 
2006 and  Routara et al., 2010). Some other methods reduce multi-response variables to one applying multiple 
criteria decision-making (MCDM) such as goal programming (e.g. Kazemzadeh et al., 2008 and  Amiri et al., 
2008), goal attainment (Xu et al., 2004), VIKOR (Tong et al., 2007), TOPSIS (Tong and Su, 1997) and GDF 
(Park and Kim, 2005).  
 Derringer and Suich, 1980 employed a desirability function, first defined by  Harrington (1965) to solve 
MRO problems. In this method, each response is converted into an individual desirability value and then an 
overall desirability function is defined as the geometric average of the individual response desirabilities. Later, 
Derringer, (1994)  added explicit weighting term to the geometric mean of individual desirability functions. Del 
Castillo et al., (1996) noted that the Derringer and Suich, (1980)’s desirability functions are non-differentiable at 
the target values. Since the much more efficient gradient based techniques require first order differentials at all 
points, they suggested the modified desirability functions to solve this breakpoint problem so that the 
generalized reduced gradient (GRG) algorithms can be used. They employed a piecewise continuous desirability 
function in which the break point was corrected using a local polynomial approximation. However, the fitting 
quadratic polynomial involves numerous computations. Hence, Ch’ng et al., (2005) presented a method with 
less computation to solve non-differentiable point problem so that GRG techniques can be applied. They 
proposed a linear desirability function that always has a positive gradient. Kim and Lin (2000) suggested an 
alternative formulation to the conventional desirability function method. This method aims to identify the 
control variable setting that maximizes the minimum degree of satisfaction with respect to all responses within 
the experimental region.   
 Recently, Jeong and Kim (2003) presented an interactive approach based on the conventional desirability 
function. This approach allows the decision maker (DM) to provide his/her preference articulation information 
on the shape of a desirability function in an interactive manner. Jeong and Kim (2005) developed a modified 
STEM which resolves shortcomings STEM through applying of the desirability concept. In this method, the DM 
is allowed to adjust the bound of a desirability function in an interactive manner. Jeong and Kim (2009) 
presented a unified interactive desirability function approach, which allows the DM to adjust any of the shape, 
bound and target in an interactive manner. 
 The major disadvantage of desirability function approaches is that they do not consider the response 
variability. Therefore they may produce a solution where the mean is very close to its target value but with a 
high variability around it. Hence the attained solution may not yield an ideal result. However, the loss function 
based methods pay attention to both the mean and variance-covariance effects. 
 Taguchi et al., (1989) introduced a robust univariate loss function to find a control variable setting where 
the response value is as close as possible to the target with a low variance. Pignatiello (1993) extended 
Taguchi’s univariate loss function to a multi-response quality loss function. Pignatiello’s approach is a two-step 
procedure that aims to minimize the bias from the targets and also variance of the responses. This method 
assumes that the responses follow a multivariate normal distribution, are nominal-the-best (NTB) type and 
follow an additive model. Tsui (1999) extended Pignatiello’s (1993) approach to situations where quality 
characteristics may be smaller-the-better (STB) or larger-the-better (LTB). A quality loss function presented by 
Ames et al., (1997) is based on the global quality loss function. This method aims to consider only bias of 
response variables from their respective target values. Vining (1998) proposed a new definition of loss function 
by substituting estimated responses for true responses. Therefore the only difference between this approach and 
Pignatiello (1993) lies in the variance component. In other words, Pignatiello (1993) considers robustness while 
Vining (1998) assumes that variance is constant over the experimental region but there is a significant difference 
in goodness of fit of estimated response models. Ribeiro and Elsayed (1995) presented a multi-response loss 
function which takes into consideration, moreover target and variance components, a factor accounting for 
fluctuation in the supposedly fixed control variable settings. Use of this gradient loss function assumes model of 
each response as a function of control variables and estimates the variability induced on responses due to the 
variability of control variables. Pal and Gauri (2010) suggested an integrated method using multiple regression 
techniques and weighted signal to noise ratio (MRWSN) for finding the best compromise solution. In this 
method, the weighted signal to nose ratio is maximized ensuring that all responses are very close to their target 
values with the low sensitivity of responses to uncontrollable variables.  
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 A common disadvantage of loss function based approaches is that we can not specify an acceptability 
region for the quality characteristics. In other words, they do not enforce that all responses fall within acceptable 
limits, as well, in the most of them the distance metric is intended for responses that have a specific target value, 
and hence their appropriateness for responses to be minimized (maximized) are questionable.  
 Khuri and Conlon (1981) proposed an approach to evaluate multi-response system that seeks the control 
variable setting that minimizes the Mahalanobis distance (MD) between two vectors of estimated responses and 
target values. The basic disadvantage of this method is that MD is minimized by maximizing variance of 
estimated response variable. Therefore, it is very difficult to attain an appropriate solution. 
 Chiao and Hamada (2001) defined a specification region for the multi-response as the m (the number of 
responses) dimensional hypercube whose sides are the m component specifications and suggested the 
probability that all responses simultaneously meet their respective specifications as a new quality measurement. 
It is notable that this method does not consider neither quality of prediction and nor relative importance of 
responses. 
 Another group of researchers combined multiple responses into a single function using principal component 
analysis (PCA). Antony (2000) utilized the first principal component as performance measure while Liao (2006) 
employed all the principal components and presented a method based on weighted principal components 
(WPC). Routara et al., (2010) conducted PCA on normalized response variables and computed the Multi-
response Performance Index (MPI) as a weighted summation of Principal component values. Since the MPI 
values are not necessarily positive, in the next step signal to noise rations are attained based on absolute 
deviations of MPI values from the Ideal point (defined as Combined Quality Loss).  
 Principal components are linear combinations of original response variables. Therefore, when PCA is 
conducted on original responses or signal to noise ratio values, the optimization directions of them might be lost. 
Regardless of this issue, PCA based methods maximize the component values. In other words, they do not 
correctly consider location effect. Moreover these methods consider only discrete control variable values used in 
the experiment, hence only control variable levels used in the experimental trials could be selected for the 
optimal control variable setting.  
 As aforementioned, some important MRO methods use MCDM approaches in order to combine multi-
response into a single function for finding the best compromise solution. In this regard, Tong et al., (2007) 
employed the VIKOR method to optimize multi-response systems. This method considers both the mean and the 
variation of quality losses associated with several multiple responses, but not the quality of predictions. A goal 
attainment approach is presented by Xu et al., (2004). This approach aims to identify the settings of control 
variables to minimize the overall weighted maximal distance measure with respect to individual response 
targets. This approach is only concerned with the lowest degree of satisfaction, and thus the degrees of 
satisfaction associated with all others are, in effect, ignored. Moreover, it does not consider response variability 
over the experimental space. Park and Kim (2005) employed the GDF method and conventional desirability 
function to find DM’s preferences in optimization of multi-response problems. This technique can be used only 
when desirability functions are concave and responses do not have significantly different variance levels. 
 The purpose of this study is to develop a systematic procedure via response surface methodology and 
desirability function to optimize multiple response surface (MRS) problems that accommodates all of bias, 
robustness and quality of prediction besides relative importance of responses in a single framework. Another 
advantage of the proposed method which is in contrast to many other approaches considering discrete regions to 
search for optimal solution; searches the experimental region continuously. Now, we compare the characteristics 
of the different multi-response approaches presented in literature to the proposed method on the following 
indices is summarized in Table 1. 
 

Method TSP TS LE DE IE QP RI SLN FRA 

Taguchi (1989) Single response discrete        
Lin and Tu (1995) Dual response Continuous        
Lee et al (2010) Dual response Continuous       
Pignatiello (1993) Multiple response Continuous        
Ames et al (1997) Multiple response Continuous        
Vining (1998) Multiple response Continuous        
Xu et al (2004) Multiple response Continuous       
Tong et al (2007) Multiple response discrete        
Jeong and Kim (2009) Multiple response Continuous       
Chiao and Hamada (2001) Multiple response Continuous        
Antony (2000) Multiple response discrete        
Liao (2006) Multiple response discrete        
Routara et al. (2010) Multiple response discrete        
Pal and Gauri (2010) Multiple response Continuous        
The proposed method Multiple response Continuous       
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Type of solution problem (TSP): 
 Type of search within experimental region (TS) 
 Location effect on original response (LE) 
 Dispersion effect (DE) 
 Interaction Effects among factors (IE) 
 Quality of Prediction (QP) 
 Relative Importance of responses (RI) 
 Emphasis falling all of objectives within acceptable region (FRA)  
 Usability for the all three type of smaller the better, larger the better and nominated the best responses 

(SLN). 
 
The Proposed Approach: 
 This paper presents a new approach to solve MRO problems. It accommodates robustness (variance due to 
noise factors), quality of prediction (variance of predicted responses) and relative importance of responses as 
well as bias (responses deviation from their target) in a single framework. The presented approach consists of 
the following three phases: 
1) Data gathering. 
2) Model Building. 
3) Optimization.  
  
 This section discusses the proposed method in detail. 
 
Phase 1: Data Gathering: 
Step 1: 
 Identify the significant controllable factors. 
 
 It is important that the controllable factors that may influence the response(s) of interest be identified by 
experts who are familiar to the area of system considered. 
 
Step 2: 
 Select a proper experimental design. 
 
 An experiment can be defined as a test or a series of tests in which purposeful changes are made to the 
control variables of a process to help identifying the reasons for changes that may be observed in the response 
variables and approximate the process function precisely. 
 
Phase 2: Model Building: 
 Suppose that there are r responses , , … , is related to the k independent control variables 

, , … ,  by: 
 

, , … , , 
 

(1) 

 Where  represents the relation function between the response and the control variables, and  is a 
statistical error, having normal distribution with 0 and . Note that  is also a function of 
control variables. 
 Because the true response function is unknown and perhaps very complicated, the following second-order 
model is usually suitable: 
 

 (2) 

 
 The fitted second order response function can be obtained using the least squares method: 
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 (3) 

 
 It is notable that the proposed method does not require any assumption regarding the form or degree of the 
estimated response functions and each response may have different form and different set of control variables. 
 
Phase 3: Optimization: 
 This phase consists of six sub-phases. The first sub-phase introduces the parameters and variables used 
throughput paper. Second and third sub-phases define desirability functions of mean and standard deviation of 
responses, respectively. Total performance measure is presented in section (3.4). Then, it is modified in sections 
(3.5) and (3.6) to construct a suitable trade-off between optimization & robustness and consider quality of 
prediction for the fitted response surfaces, respectively. 
 
The Parameters and Variables: 
 The parameters and the variables used throughput this paper are defined as follows: 

:    The design vector (  is a 1 vector, p = number of process variables). 
:  The fitted response surface for mean of the  response. 

:   The minimal acceptable level for mean of the  response. 
:   The maximal acceptable level for mean of the  response. 

:   The optimization desirability function for the  response. 
:  The optimization desirability function. 

:   The weight for mean of the  response. 
:   The minimal acceptable level for standard deviation of the  response. 
:   The maximal acceptable level for standard deviation of the  response. 

:   The fitted response surface for standard deviation of the  response. 
:   The robustness desirability function for the  response. 

: The robustness desirability function. 
:   The weight for standard deviation of the  response. 

:  The overall desirability function. 
:  The weight of optimization. 
:   The weight of robustness. 

Ω:    The experimental region. 
 
Desirability Function of a Mean Response: 
 One well-known method for multiple responses simultaneously is the desirability technique presented by 
Derringer and Suich (1980). In this study this approach is renamed as the optimization desirability function 
approach. This approach systematically transforms an estimated response  into a scale free value of 

. It assigns values from 0 to 1 for the possible values of each response, in which  approaches 1 as 
the response approaches its target value. Note that 0 if the The  response lies outside its 
corresponding acceptable levels. First type of transformation for a response estimate that is a nominal-the-best 
(NTB) type is defined as: 
 
 
 
             
                (4) 
 
 
 The second type of the desirability function is used for a larger-the-best (LTB) response and is defined as: 
 
 
 
 
             
                (5) 
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 A smaller-the-best (STB) type response can be easily transformed to a LTB type by, for example changing 
its sign. Then, the optimization desirability function (  is defined as the weighted geometric average of 
individual optimization desirability functions (. . 
 

…  (6) 
 
 when aggregation of individual optimization desirability functions whose value are scaled between zero and 
one, the  yields a value less than or equal to the lowest individual optimization desirability value. This 
prevents any responses reaching an unacceptable value, since a very low value on any response will render the 
entire product worthless to the end user. 

 
Desirability Function of a Standard Deviation Response: 
 Most of the existing methods in MRO literature has only emphasize on the optimization issue (mean of 
responses), while the robustness of responses (variance of responses) is usually ignored. In this study robustness 
refers to the low sensitivity of the response to the noise factors. This can be achieved by a proper selection of 
values for the controllable variables, and can be lead to a reduction for variance of the response in the operating 
environment. For the consideration of robustness in MRO problems, we should define the measure of robustness 
and make a suitable trade-off between optimization and robustness. in this regard, this study employs the 
desirability function proposed by  Derringer and Suich (1980) for the smaller-the-better type responses as 
measure the robustness that henceforth will be referred as individual robustness desirability function (see 
equation (7)).  
 

1                                      

 
                         

0                                      

 (7) 

 
 As can be shown in equation (7), the acceptable levels for standard deviation of a response ( and ) 
should be determined to define the robustness desirability function. The acceptable levels may be specified 
based on the specification limits of the product or decision maker's subjective judgments. If it is desirable to 
specify the acceptable levels based on the  extreme values of response surface for standard deviation response 
can be set using mathematical programmings (8) and (9). 
 

min
Ω

 (8) 

 
max

Ω
 

 
(9) 

 
 Finally, robustness desirability function is constructed from the weighted geometric average of the 
individual robustness desirability functions of each response. 
 

…  (10) 
 
Formulation: 
 A multi-response optimization problem requires an overall optimization, i.e. simultaneous satisfaction with 
respect to the mean and standard deviation of all of the quality characteristics by using a combined desirability 
function between optimization and robustness. The overall desirability function can be defined as follows: 
 

 (11) 
 
The robust optimal solution can be obtained by maximizing the  within the experimental region. 
 

Trade-off Between Optimization and Robustness: 
 If the decision maker assigns different weights on the degrees of satisfaction for optimization and 
robustness, equation (12) can be written as: 
 

 (12) 
 



Aust. J. Basic & Appl. Sci., 5(9): 1566-1577, 2011 

1572 

 where 1, and both of them are positive real numbers. In the situation of 1, 
0, model (12) reduces to the model given in Derringer and Suich (1980). In other words, it means that we only 
consider the optimization of the multiple quality characteristics. If 0 and 1, the emphasis is only 
placed on the robustness. The model (12) can be modified to .  means that 
model (12) places more weight on maximizing optimization desirability function while  means that 
more consideration is placed on robustness. 

 
Consideration of Quality Of Prediction: 
 Quality of prediction is depends on the selected control variable setting. For example, with a uni-variate 
estimated response , the variance in ordinary least squares is as follows: 
 

 (13) 
 

 where  is the estimated variance of the response and  is the data matrix. This equation denotes that the 
variance of the estimated response changes as a function of . 
 Khuri and Conlon, 1981; Vining, 1998 and  Ko et al., 2005 considered the prediction quality of estimated 
response models using variance-covariance matrix. Kazemzadeh et al., (2008) introduced some constraints for 
non-desirability errors in predictions in a goal programming approach while Kim and Lin, (2000, 2006) take 
into account the difference in the predictive ability among the estimated models by adjusting shape of the 
exponential desirability function. However, both mathematical programmings (11) and (12) implicitly assume 
that estimated response models have the same level of predictive capability. Therefore, the results can be 
misleading when there is a significant difference in goodness of fit of estimated response models. In principal, 
an estimated response with a lower quality of prediction should have a smaller effect in the optimization. If the 
weight of one response is relatively large, it should have more effect in the optimization results. In order to 
dedicate the weight for a given magnitude of predictive capability, we need to find a relationship between the 
weights and a predictive capability index. The estimated response model's quality of prediction can be measured 
by different criteria such as , adjusted , mean square error etc. we use the for simplicity of presentation. 
Other criteria can be employed in a similar manner. The larger  is the better quality of prediction, and the 
response should have a larger effect on the optimal solution, consequently larger weight in the optimization 
scheme. Hence, a natural dedication can be: 
 

′  (14) 
 
 where,  is the weight without considering the quality of prediction. 
 
Discussion: 
 The presented approach has several advantages over the existing techniques. First of all, it takes into 
consideration robustness as well as optimization for multi-response problems while it is evident that some 
existing approaches may produce unacceptable solution since they just emphasize on the mean of the quality 
characteristics, and ignore response variability. 
 The proposed method incorporates the preference information of a decision maker on the tradeoffs among 
the responses to obtain a satisfactory compromise solution.  It is notable that responses are often of varying 
priority to the end user. This requires a design decision maker to prioritize and assign quantitative importance 
measure to responses in order to make the best compromise choices. 
 The proposed approach takes into account predictive capability of the estimated response models by 
incorporating  in optimization procedure. It is worth noting that the obtained results can be misleading, if a 
quality characteristic with a lower prediction quality does not have a smaller effect in the process optimization. 
 This method enforces that all responses fall within acceptable limits. This feature is useful because an 
optimal compromise should not yield unacceptable values quality characteristics for the good of the rest whereas 
most of existing methods such as approaches based on loss functions do not pay attention to this issue. 
 General limitations of some previously mentioned approaches are that they consider only discrete control 
variable levels used in experimental trials But the proposed approach searches the experimental region 
continuously. 
 It should also be noted that the presented method has possible disadvantages as well. The major 
disadvantage of the proposed method is its disability in consideration of correlation among responses. Ignoring 
such information may lead to an unrealistic result if the responses be highly correlated. Another disadvantage of 
the approach proposed in this study is that it cannot be employed for cases with qualitative responses. 
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Numerical Example: 
 In order to demonstrate the applicability of the presented approach, in this section a real problem is 
employed on the case study given in Pignatiello (1993). In this example, there are two response variables 

 ,  which are nominal-the-best (NTB) type responses and three process variables  ,  ,  . It is 
assumed that the target values of responses are 103 and 73 and the specification limits are (97, 109), (70, 76) for 

 , , respectively. 
 The experiment was conducted in a full factorial design and each process point was replicated four times. 
The experimental data and the sample standard deviation of the  response variable under the  experimental 
run are indicated in Tables 2 and 3, respectively. 
 
Table 2: Experimental results data. 

Experimental 
number x x x

1 2 3 4 1 2 3 4 
1 -1 -1 -1 109.895 109.759 110.704 109.773 67.6974 67.2374 67.962 66.9268 
2 1 -1 -1 100.192 99.634 100.269 100.6 67.0264 66.1779 66.5758 67.9431 
3 -1 1 -1 106.078 105.642 105.67 105.393 72.9353 72.85008 72.5768 72.3754 
4 1 1 -1 104.12 104.802 104.203 104.335 72.9878 74.2487 73.9371 73.2824 
5 -1 -1 1 113.515 111.121 112.854 106.666 68.2934 68.4693 68.9576 64.7051 
6 1 -1 1 98.732 99.357 102.842 94.235 67.00955 63.6112 68.647 62.4188 
7 -1 1 1 103.145 106.959 107.62 103.44 71.6818 76.2657 77.4958 76.3739 
8 1 1 1 104.454 105.029 99.786 104.923 76.9003 77.0322 67.989 75.7691 

 
Table 3: Sample Standard Deviation Of Responses. 

Experimental Number 
1 -1 -1 -1 0.4516 0.4626 
2 1 -1 -1 0.401 0.7586 
3 -1 1 -1 0.2836 0.2567 
4 1 1 -1 0.3044 0.58 
5 -1 -1 1 3.0851 1.9544 
6 1 -1 1 3.53513 2.9153 
7 -1 1 1 2.3265 2.5757 
8 1 1 1 2.5204 4.3264 

 
 To facilitate the calculations, MINITAB 14 software is used and the response surfaces for the mean and 
standard deviation of responses are obtained as follows: 
 

104.867 3.148  2.379   0.35    
70.4514 0.3488  3.592  0.449   0.6144   
1.613 0.254  1.25  
1.7288 0.417  1.214  0.2625   

 
 Then, the target value for the standard deviation of response is obtained by minimizing its response surface 
within the experimental region and its upper acceptable level is determined based on the problem context. These 
values are given in Table 4, and are employed in process optimization. 
 
Table 4: Specification region for the standard deviation of response variables. 

Bounds and target 
0.126 0.3603 

1 1 

 
 According to the response surfaces and acceptable region of each response, the individual desirability 
function of each response can be obtained as: 
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 In this example all objective functions have equal weights, that is 1 and the same weights are 
given to optimization and robustness, . 
 The following mathematical programming is formulated and solved to attain . Table 5 shows the 
optimum results obtained using LINGO 8 optimization software. 

 
 

Ω 
 

Table 5: Optimum solution for numerical example without predictive capability consideration. 
Optimum values 
The proposed method -0.9 0.694 -1 0.861 0.869 0.93 0.541 

 
Consideration of Predictive Capability: 
 In order to consider the predictive capability of models in process optimization, we need determine how 
much adjustment in the weight of responses should be made for a given magnitude of difference in the quality of 
prediction. In this regard, the  and the modified weight vector are calculated and shown in Table 6. Following 
the rationale discussed in section 3.6, the mathematical model can be modified to: 

 
. . . .  

 
Table 6: The parameter model for consideration of predictive capabilit. 

Parameter 

 82.72 78.49 97.34 94.07 
′ 0.2346 0.2226 0.278 0.2668 

 
 According to the Table 6, the standard deviation of first response model has the highest quality of 
prediction and should receive the highest priority in the optimization procedure of the modified mathematical 
programming presented. The obtained results show that the satisfaction level of  has increased from 0.93 to 
0.99 (can be seen in Table 7) as expected. 
 
A Comparative Study: 

In this section a comparison study among some major studies in Multi-response optimization has been 
given. It denotes the effectiveness of the proposed method against popular approaches in the literature. 
 The comparison is conducted on some predefined characteristics useful to demonstration of different 
aspects of the problem. The characteristics involve: desirability of mean ( ) and standard deviation ( ) of 
responses. As mentioned before, the conventional desirability function assigns values between zero and one, 
where zero is assigned to a response value out of acceptable region and a number closer to 1 is assigned to a 
more desirable response.  
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 Table 7 indicates that the desirability functions of the mean responses in the optimal solutions of Liao 
(2006) and Ribeiro (1995) are zeros. This confirms that these methods (the methods based on PCA) do not 
correctly consider location effects.  
Further, the mean of the second response in Ames et al., (1997), Vining (1998) and Kazemzadeh et al., (2008) 
lie out of the acceptable region; support the claim that these methods do not enforce all objectives fall within 
their acceptable region. Derringer and Suich (1980) and Kim and Lin (2000) yield acceptable results with 
respect to the mean of responses, but not the standard deviation of them as shown in Table 7. The obtained 
results denote that the proposed method considers location and dispersion effects simultaneously. Furthermore, 

 as a total measure shows that the proposed method outperforms other mentioned approaches in Table 7 
to a great deal. 

 
 

Table7: The results of the comparison study. 
Method x d d d d DO x  
Derringer and Suich 
(1980) 

1 0.796 1 0.956 0.999 0 0 0 

Kim and Lin (2000) 1 0.771 1 0.966 0.965 0 0 0 
Ames et al. (1997) 0.368 -1 -1 0.993 0 0.438 0.669 0 
Vinning (1998) 0.364 -1 -1 0.997 0 0.438 0.67 0 
Chiao and Hamada 
(2001)

1 1 -1 0.756 0.823 1 0.516 0.32 

Liao (2006) -1 -1 -1 0 0 0.438 1 0 
Kazemzadeh et al. 
(2008) 

-1 -0.265 -1 0.121 0 0.65 1 0 

Ribeiro et al. (1995) -1 -1 -1 0 0 0.438 1 0 
The Proposed Method 
Without R consideration 

-0.9 0.694 -1 0.861 0.869 0.93 0.541 0.38 

The Proposed Method 
With R consideration 

0.84 0.9 -1 0.781 0.93 0.99 0.556 0.4 

 
Concluding Remarks: 
 It is common knowledge which multi-response optimization problems are ubiquitous across different 
industrial application domains. Notwithstanding the importance of MRO problems in practice, the development 
of an effective optimization scheme is still in its early steps. This paper presented a novel approach to optimize 
multiple response systems. It considers robustness as well as optimization by introducing robustness desirability 
function and makes a suitable trade-off between robustness and optimization. The modeling presented approach 
can be modified to consider predictive capability of estimated response models when this is a concern by 
incorporating  in the weights adjustment.  
 In order to demonstrate the applicability of the proposed methodology, a real instance is adapted from 
literature and the procedure of our MRO is illustrated. Furthermore a comparative study between suggested 
methodology and other existing approaches is performed upon the overall desirability function and the obtained 
results depicted the outperformance of our approach. 
 Beside the quantitative variables, qualitative variables can be considered in future research as well. Further, 
incorporating correlation among quality characteristics could be another contribution to this subject. 
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