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Abstract 
 

Multi-response optimization (MRO) is a statistical technique that can improve the performance of machines by considering 
multiple responses simultaneously. By optimizing machine parameters, manufacturers can increase productivity, reduce 
expenses, and improve product quality. There are many different methods for solving MRO problems, but the Technique for 
Order Preference by Similarity to the Ideal Solution (TOPSIS) is one of the most used. Hence, this paper presents a novel 
TOPSIS linear programming model based on the Taguchi method for solving the MRO of a fish scale scraping machine in order 
to improve fish scaling removal efficiency while reducing fish damage. The experiments were initially designed using the 
Taguchi experimental design. The proposed TOPSIS model was then used to convert the MRO problem into a single objective 
optimization problem. Finally, the Taguchi method based on the results of the TOPSIS model was developed, and the optimal 
combination of parameters (speed = 50 rpm, time = 180 seconds, and capacity = 30 kg) was determined. Compared with the 
initial parameters, the fish damage decreases by 23.95%, and the fish scaling removal efficiency increases by 29.74%. In 
addition, it is believed that the TOPSIS linear programming model can be extended to solve other MRO problems.  
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1. Introduction  

Thailand has an abundance of natural freshwater food sources. 

There are approximately 25 major freshwater basins and 254 

sub-basins. These freshwater sources include main rivers, 

tributary rivers, reservoirs, canals, creeks and marshes, as well 

as manmade water sources for use in agriculture and fisheries, 

totaling approximately 511,361 square kilometers. Most of the 

people who live near the water sources are engaged in 

agriculture and fishing at the same time. Some groups make a 

career in fishing as their main occupation and generate income 

for their families. According to the survey results for 

freshwater fish caught in 2020, there were 112,727.31 tons of 

catch, accounting for 96.47 percent of the total aquatic animals, 

with a total value of 6,754.98 million baht, representing 90.50 

percent of the total aquatic animals' value. Carp were caught 

the most at 19,384.86 tons, accounting for 16.59 percent of the 

total aquatic animals with a value of 946.06 million baht, or 

12.68 percent of the total aquatic animals. Tilapia followed, 

with a catch of 15,647.26 tons, accounting for 13.39 percent 

of the total aquatic animals with a value of 878.90 million baht, 

or 11.78 percent of the total aquatic animals' value. The third 

place went to white-tailed fish with a catch of 11,231.23 tons, 

accounting for 9.61 percent of the total aquatic animals valued 

at 477.28 million baht and representing 6.39 percent of the 

total aquatic animal value.[1,2] Kalasin Province has a large 

earthen dam, Lam Pao Dam, which serves as a reservoir for 

agriculture, fisheries and water supply, and is a famous tourist 

attraction for the province. Lam Pao Dam is a source of water 

that generates income for local farmers. Most of the 

population is engaged in agriculture, and fishing is the main 

occupation that generates income for the community. The 

occupation that generates high income for the community is 

the production of fish products such as dried fish, sour fish and 

fermented fish. For processing dried fish products and pickled 
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fish, raw materials from carp and white fish from Lam Pao 

Dam are used. From the data survey, it was found that the 

demand for products such as dried fish and pickled fish was 

very high in both the domestic and international markets. 

However, the production process of processed fish is not 

enough to meet the needs of consumers. This is due to the 

production process of processed fish, both dried fish and 

pickled fish, in which there are steps that require slow 

production times, have a high labor cost and insufficient 

hygiene. In addition, entrepreneurs still lack the knowledge of 

tools to assist in production. In the process of processing dried 

fish and pickled fish, there will be the same main production 

steps: (1) prepare fresh fish bought from fishermen in the area; 

(2) remove fish scales by manual labor; (3) wash the fish; (4) 

remove the head and (5) ferment the fish. Finally, the fish will 

be further processed into dried fish or pickled fish. Based on 

interviews and gathering information from entrepreneurs in 

the case study area, Kalasin province, it was found that the fish 

scale removal process was the bottleneck for the dried fish and 

pickled production processes. It will take approximately 4 

workers and 8 hours to complete this process. According to the 

data survey, the income from the distribution of processed fish 

products is quite high. In addition, market demand tends to 

increase annually. However, the capacity of each entrepreneur 

is insufficient to meet the rising customer demand. Due to the 

arduous and time-consuming nature of fish processing, a 

substantial amount of labor is required. Hence, the research 

team has developed a fish scale scraping machine to improve 

the processing of dried fish and pickled fish by increasing 

capacity, reducing labor costs and enhancing production 

convenience. From preliminary experiments on the proposed 

machine, the following significant flaws were discovered: low 

fish scale removal efficiency and high fish damage because the 

relevant parameters of the proposed machine were not 

properly configured or inappropriate. This is one of the Multi-

Response Optimization (MRO) problems in which there are 

many factors involved and many responses that must be 

optimized simultaneously. 

Multi-response optimization (MRO), sometimes referred 

to as multi-objective optimization or Pareto optimization, is 

the practice of simultaneously optimizing numerous 

objectives. It is utilized when there are competing objectives, 

such as cost reduction, quality enhancement, and cycle time 

reduction. There are numerous methods for addressing multi-

objective optimization problems. However, the meta-heuristic 

algorithm is one that is widely used for solving the 

optimization problems with a large size (Np-hard problems).[3-

9] The purpose of multi-response optimization is to identify the 

optimal input parameters that simultaneously optimize all of 

the objectives. This requires the creation of a Pareto front, a 

graph that illustrates the trade-off between the various 

objectives. The Pareto front represents the collection of 

optimal solutions for all objectives.[10] The MRO has a wide 

range of potential applications and industries, including the 

engineering and industrial sectors, the financial sector and the 

healthcare sector. When the numerous factors are taken into 

consideration during the decision-making process, it can assist 

companies in producing decisions that are better informed. 

Due to the intricacy of the MRO problem, this problem is 

difficult to solve because of the complexity of finding a single 

optimal solution that satisfies all objectives, but it can provide 

significant insight into the real-world difficulties that these 

solutions address. In MRO problems, Multi-Attribute 

Decision Making (MADM), one of the Multi-Criteria 

Decision Making (MCDM) methods, can be used to assist the 

decision maker in locating the optimal solution. The decision-

maker must initially identify the criteria and assign weights to 

them based on their relative importance. The decision-maker 

is then able to evaluate the alternatives based on the criteria 

and rank them according to their total score. The final step is 

for the decision-maker to select the optimal option based on 

the rankings. MADM techniques such as Grey Relational 

Grade (GRG),[11,12] Technique for Order Preference by 

Similarity to the Ideal Solution (TOPSIS),[13,14] Data 

Envelopment Analysis Ranking Approach (DEAR),[15,16] the 

Multimoora method[17] and Data Envelopment Analysis 

(DEA)[18,19] can be used to determine optimal parameters for 

MRO problems. 

The Technique for Order Preference by Similarity to the 

Ideal Solution (TOPSIS), proposed by Hwang and Yoon,[20] is 

a relative evaluation method that employs a weighted linear 

combination of criteria to determine the best or most preferred 

alternative. It is based on the concept of the "ideal solution," 

which is the combination of criteria that meets the decision-

objectives maker's most effectively. The main advantages of 

TOPSIS are as follows:[21-27] (1) This method considers all the 

criteria and alternatives, providing a holistic approach to 

decision-making; (2) The TOPSIS method is relatively easy to 

implement and understand. Its simplicity makes it a popular 

choice for decision-makers; (3) The method can be applied to 

a wide range of decision-making problems across industries, 

making it a versatile approach; (4) The TOPSIS method 

provides a clear ranking of alternatives, enabling decision-

makers to make informed decisions by choosing the best 

alternative based on the given criteria, and the method is an 

objective approach to decision-making, as it involves a 

systematic and balanced evaluation of alternatives based on 

the given criteria; (5) its simplicity has helped it gain 
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popularity. In addition, TOPSIS is one of the most prevalent 

MADM techniques for solving multi-response optimization 

problems. For example, Manivannan and Kumar[28] presented 

a TOPSIS-based multi-response optimization of micro-EDM 

process parameters on AISI 304 steel. A design of experiments 

(DOE) with five levels for each process parameter was utilized 

to perform the optimization. The results of this study provide 

useful information for optimizing the micro-EDM process 

parameters for AISI 304 steel. Sharma et al.[29] presented a 

multi-response optimization technique for friction stir welding 

(FSW) process parameters for dissimilar material joining of 

Al6101 to pure copper using the TOPSIS method based on 

standard deviation. The process parameter optimization 

resulted in enhanced mechanical properties, including 

increased ultimate tensile strength, yield strength and ductility. 

This indicates that the TOPSIS method based on standard 

deviation can be used effectively to optimize the process 

parameters in order to improve the mechanical properties. 

Singh et al.[30] presented a multi-response optimization process 

for producing micro-holes in CFRP composites utilizing the 

TOPSIS method. The results of the optimization process 

demonstrate that the optimal parameters produced micro-holes 

of higher quality and size than the factorial design parameters. 

Ananthakumar et al.[31] demonstrated the use of Response 

Surface Methodology (RSM) and TOPSIS to optimize multi-

response characteristics in plasma arc cutting of Monel 400TM. 

The optimization procedure yielded satisfactory results in 

terms of increased cutting speed, decreased surface roughness, 

kerf width and electrode wear. 

The Taguchi method is a qualitative tool that effectively 

improves manufacturing processes. The objective of the 

Taguchi method is to determine the optimal parameters of the 

manufacturing process by designing an orthogonal array 

experimental plan and reducing the number of experiments to 

be sufficient for the specified conditions. The signal-to-noise 

ratio (S/N) can be used to determine optimal parameters, and 

it can be divided into 3 categories: the larger the better, the 

smaller the better, and the more targeted the better. In addition, 

due to the advantages of this method, it has been used in 

various fields.[32-34] There are several approaches[35-39] based on 

the combination of the Taguchi method and other MADM 

methods for solving multi-response optimization problems. 

However, TOPSIS and Taguchi methods are two commonly 

used methods for solving multi-response optimization 

problems. The primary benefit of the Taguchi method is its 

capacity to minimize product costs and optimize product 

performance. The design of experiments is used to identify and 

reduce the sources of variation in a product's manufacturing 

process. This assists in enhancing product quality and 

decreasing product costs. In addition, it assists in identifying 

the most influential factors that contribute to product 

performance. As it focuses on optimizing the process rather 

than the product, the Taguchi method also facilitates the 

efficient use of resources.[40-42] In addition, the primary 

advantage of TOPSIS is that it is a straightforward and simple 

decision-making technique that can be easily applied to a wide 

variety of decision-making problems. It is especially helpful 

when multiple criteria must be considered in making a 

decision. In addition, it provides a comprehensive method for 

comparing and assessing alternatives by considering the 

positive and negative aspects of each alternative. It is a 

systematic approach that does not require complex 

calculations or assumptions about the preferences of decision 

makers.[38,43-45] 

In this study, both fish scale removal efficiency and fish 

damage were considered for determining the optimal 

parameters of speed, time, and capacity for the proposed 

machine. The two responses were assessed by entrepreneurs 

or decision-makers using five rating scales. Developing a 

suitable evaluation method for determining optimal 

parameters is one way to maximize the efficiency of the 

proposed machine. Besides, this is to increase the 

competitiveness and income of fish processing entrepreneurs 

through the application of engineering knowledge and 

innovation to the enhancement of production. The type of fish 

used for the dried fish and pickled fish is Java carp, as shown 

in Fig. 1.  

 
Fig. 1 Raw materials for processing dried fish and pickled fish. 
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Based on the above reasons and the literature review in 

Section 2, the main contributions of this research are as 

follows: 

1. In the context of TOPSIS, Euclidean distance is used to 

determine the similarity between each alternative and the ideal 

solution. Instead of measuring the Euclidean distance between 

two points, the proposed method would calculate the 

Manhattan distance. Based on the original TOPSIS method, 

we formulated a novel TOPSIS linear programming model to 

convert the two responses into a single output for each run. 

The TOPSIS linear programming model can be used to obtain 

reliable results and is easier-to-use in solving MRO problems 

because the computational steps are fewer than the traditional 

TOPSIS method.  

2. Based on the CCi scores, we used the Taguchi method to 

determine the optimal parameters of the proposed fish scale 

scraping machine for maximizing the efficiency of the 

proposed machine. This will be extremely valuable for studies 

in this field in nearly every nation, particularly in countries 

with a high number of freshwater fish producers. 

The rest of this paper is as follows: The next section presents 

a literature review. Section 3 then introduces the proposed 

method for determining the optimal parameters of the fish 

scale scraping machine that is based on the concepts of the 

data envelopment analysis-Taguchi method. In Section 4, a 

case study is tested. Finally, Section 5 presents the conclusions. 

 

2. The original TOPSIS 

Hwang and Yoon were the first to propose the TOPSIS.[20] This 

method is based on the idea that the selected alternative 

(appropriate alternative) should be the closest to the positive 

ideal solution and the farthest from the negative ideal solution. 

The positive ideal solution maximizes the beneficial criteria 

while minimizing the adverse criteria, whereas the negative 

ideal solution maximizes the adverse criteria while 

minimizing the beneficial criteria. The steps involved in 

calculating the relative closeness to the ideal solution values 

based on the original TOPSIS are as follows. 

Step 1: Generate decision matrix 

This step entails the creation of a matrix format. Each row of 

this matrix corresponds to an alternative, while each column 

corresponds to an attribute. The decision matrix (P) can be 

expressed as follows: 

                                      𝐶1       𝐶2      ⋯     𝐶𝑚 

𝑃 =

𝐴1

𝐴2

⋮
𝐴𝑛

[

𝑝11 𝑝12 ⋯ 𝑝1𝑚

𝑝21 𝑝22 ⋯ 𝑝2𝑚

⋮ ⋮ ⋯ ⋮
𝑝𝑛1 𝑝𝑛2 ⋯ 𝑝𝑛𝑚

].                    (1) 

 

Here, Ai (i = 1, 2,…, n) represents the candidate alternatives, 

Cj (j = 1,2,…, m) represents the criteria relating to alternative 

performance, and pij is the performance of candidate 

alternative i with respect to criterion j. 

Step 2: Calculate the normalized decision matrix 

The normalized decision matrix (Q matrix) can be represented 

as: 

                                          𝐶1       𝐶2        ⋯    𝐶𝑚 

𝑄 =

𝐴1

𝐴2

⋮
𝐴𝑛

[

𝑞11 𝑞12 ⋯ 𝑞1𝑚

𝑞21 𝑞22 ⋯ 𝑞2𝑚

⋮ ⋮ ⋯ ⋮
𝑞𝑛1 𝑞𝑛2 ⋯ 𝑞𝑛𝑚

].                     (2) 

Here, qij represents the normalized performance of alternative 

i with respect to criterion j, 𝑞𝑖𝑗 =
𝑝𝑖𝑗

√∑ 𝑝𝑖𝑗
2𝑛

𝑖=1

. 

Step 3: Calculate the weighted normalized decision matrix 

The weighted normalized decision matrix can be defined as: 

𝑉 = 𝑤𝑗𝑞𝑖𝑗                                       (3)                       

Here, ∑ 𝑤𝑗
𝑚
𝑗=1 = 1. 

Step 4: Determine the ideal (best) and negative ideal (worst) 

solutions in this step. 

The ideal and negative ideal solution can be expressed as: 

(1) The ideal solution: 

𝐴+ = {(𝑚𝑎𝑥 𝑣𝑖𝑗 /𝑗 ∈ 𝐽), (𝑚𝑖𝑛 𝑣𝑖𝑗 /𝑗 ∈ 𝐽′)}, 𝑖 = 1,2, . . . , 𝑛,                      

= {𝑣1
+, 𝑣2

+, . . . , 𝑣𝑛
+}.                                                               (4) 

(2) The Anti-ideal solution: 

𝐴− = {(𝑚𝑖𝑛 𝑣𝑖𝑗 /𝑗 ∈ 𝐽), (𝑚𝑎𝑥 𝑣𝑖𝑗 /𝑗 ∈ 𝐽′)}, 𝑖 = 1,2, . . . , 𝑛, 

= {𝑣1
−, 𝑣2

−, . . . , 𝑣𝑛
−}.                                                                (5) 

Here,  

J = {j =1, 2,…, m}: Associated with the beneficial attributes,  

J’ = {j =1, 2,…, m}: Associated with the non-beneficial 

adverse attributes. 

Step 5: Calculate the separation measures (distance from ideal 

solutions) 

The separation of each alternative from the ideal solution is 

given by n dimensional Euclidean distance from the following 

equations: 

𝑆𝑖
+ = √∑ (𝑣𝑖𝑗 − 𝑣𝑗

+)2𝑚
𝑗=1 , 𝑖 = 1,2, . . . , 𝑛.               (6) 

𝑆𝑖
− = √∑ (𝑣𝑖𝑗 − 𝑣𝑗

−)2𝑚
𝑗=1 , 𝑖 = 1,2, . . . , 𝑛.               (7) 

Step 6: Calculate the relative closeness to the ideal solutions 

The relative closeness coefficient i can be defined as 

𝐶𝐶𝑖 =
𝑆𝑖

−

𝑆𝑖
−+𝑆𝑖

+ , 𝑖 = 1,2, . . . , 𝑛.                        (8) 

A larger relative closeness coefficient is a better alternative. 
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3. Proposed method 

This experiment consisted of the following steps: (1) Prepare 

the raw materials (Java carp); (2) Determine relevant factors 

and levels of each factor; (3) Apply the Taguchi method for 

experimental design and (4) Determine the optimal parameters 

for the fish scale scraping machine using a novel TOPSIS 

linear programming based on the Taguchi method. The 

framework of this paper is shown in Fig. 2. 

 

3.1 Material preparation 

The raw materials used in the production of processed fish are 

Java carp (see Fig. 1) obtained from the area of the case study, 

Kalasin Province. 

 

3.2 Determining relevant factors of the proposed fish scale 

scraping machine 

Three relevant factors were determined: speed (rpm), time 

(seconds) and capacity (kg). The speed refers to the rotational 

speed of the fish scale scraping machine. The capacity refers 

to the amount of Java carp put into the tank each time, and the 

time refers to the time it takes to operate the fish scale scraping 

machine. In this paper, each factor has three levels, as shown 

in Table 1. 

Table 1. The relevant factors for the fish scale scraping machine. 

Factors 
              Level 

1 2 3 

 Speed (rpm) 50 60 70 

Time (seconds) 180 240 300 

Capacity (kg) 20 25 30 

 

3.3 Taguchi experimental design 

In this research, there are three related factors, and each factor 

has three levels (see details in Table 1). The L9 orthogonal 

array design was selected based on the Taguchi method, called 

Taguchi-L9 experimental design. From the preliminary 

experiment, two relevant responses were identified: fish 

damage (R1) (smaller is better) and fish scale-removal 

efficiency (R2) (larger is better).  

 

3.4 Determining the optimal parameters for the fish scale 

scraping machine using a novel TOPSIS linear 

programming model based on the Taguchi method 

This section offers a novel TOPSIS linear programming model 

based upon the ideas of the original TOPSIS for ranking 

alternatives. The proposed model is described as follows. 

3.4.1 The novel TOPSIS linear programming model 

After obtaining the results of fish damage (R1) and fish scale-

removal efficiency (R2), the TOPSIS linear programming 

model is used to convert the two responses into a single output. 

Based on the concepts of the original TOPSIS method, the 

normalized performance of each run with respect to each 

criterion must be evaluated first using Step (2) of the original 

TOPSIS method. Using Equation (2), the normalized decision 

matrix (Q matrix) can be obtained. In the Q matrix, a set of 

runs can be viewed as a set of alternatives. The set of responses 

can be viewed as a set of criteria. A set of criteria can be 

divided into two categories: (1) beneficial criteria and (2) cost 

criteria. These relevant datasets can be utilized to develop the 

TOPSIS linear programming model. In the context of TOPSIS, 

Euclidean distance is used to determine the similarity between 

each alternative and the ideal solution. The ideal solution is 

defined as the one that maximizes the benefits of all criteria 

and minimizes the costs of all criteria. Instead of measuring 

the Euclidean distance between two points, the proposed 

method would calculate the Manhattan distance. Definitions 

of indices, parameters, objective functions, and constraints are 

shown as follows. 

Assume that each alternative i (i = 1,2,..., n) with a set of 

cost criteria jc (𝑥𝑖𝑗𝑐, jc = 1,.2,...,m) produces a set of beneficial 

criteria jb (𝑦𝑖𝑗𝑏, jb = 1,2,...,s). Let𝑢𝑗𝑏and 𝑣𝑗𝑐be the weights of 

benefit and cost criteria, respectively. The determination of the 

𝑢𝑗𝑏 and 𝑣𝑗𝑐 is based on the opinion of decision makers. The 

𝜂𝑖and 𝜌𝑖 variables are the optimal weights of the summation 

of the distances from the negative ideal solutions to alternative 

i and the summation of distances from the positive ideal 

solutions to alternative I, respectively. Let 𝑥𝑗𝑐
𝑛  and 𝑥𝑗𝑐

𝑝
 be the 

negative ideal and ideal values of each cost criterion jc, 𝑥𝑗𝑐
𝑛 =

𝑚𝑎𝑥{𝑥𝑖𝑗𝑐} , ∀𝑗𝑐  and 𝑥𝑗𝑐
𝑝

= 𝑚𝑖𝑛{𝑥𝑖𝑗𝑐} , ∀𝑗𝑐, 𝑗𝑐 = 1,2, . . . , 𝑚. . 

Let 𝑦
𝑗𝑏
𝑛  and 𝑦

𝑗𝑏
𝑝

 be the negative ideal and positive ideal values 

of each beneficial criterion jb, 𝑦
𝑗𝑏
𝑛 = 𝑚𝑖𝑛{𝑦𝑖𝑗𝑏} , ∀𝑗 and𝑦

𝑗𝑏
𝑝

=

𝑚𝑎𝑥{𝑦𝑖𝑗𝑏} , ∀𝑗𝑏, 𝑗𝑏 = 1,2, . . . , 𝑠 . The relative closeness 

coefficient score (CCi) for a set of alternatives i (1 ≤ i ≤ n) can 

be defined as: 

CC𝑖 =
𝜂𝑖 (∑ 𝑣𝑗𝑐(𝑥𝑗𝑐

𝑛 − 𝑥𝑖𝑗𝑐)𝑚
𝑗𝑐=1 + ∑ 𝑢𝑗𝑏 (𝑦𝑖𝑗𝑏 − 𝑦

𝑗𝑏
𝑛 )𝑠

𝑗𝑏=1 )

𝜂𝑖 (∑ 𝑣𝑗𝑐(𝑥𝑗𝑐
𝑛 − 𝑥𝑖𝑗𝑐)𝑚

𝑗𝑐=1 + ∑ 𝑢𝑗𝑏 (𝑦𝑖𝑗𝑏 − 𝑦
𝑗𝑏
𝑛 )𝑠

𝑗𝑏=1 ) + 𝜌𝑖 (∑ 𝑣𝑗𝑐 (𝑥𝑖𝑗𝑐 − 𝑥𝑗𝑐
𝑝

)𝑠
𝑗𝑏=1

+ ∑ 𝑢𝑗𝑏 (𝑦
𝑗𝑏

𝑝
− 𝑦𝑖𝑗𝑏)𝑠

𝑗𝑏=1 )
, ∀𝑖 

= 1,2, . . . , 𝑛 



Research article                                                                                                                                                                                Engineered Science 

 

6 | Eng. Sci., 2023, 23, 882                                                                                                                                                     © Engineered Science Publisher LLC 2023 

 
Fig. 2 The framework of this paper. 

 

𝑢𝑗𝑏 , 𝑣𝑗𝑐 ≥ 0, 𝑗𝑐 = 1,2, . . . , 𝑚; 𝑗𝑏 = 1,2, . . . , 𝑠 

𝜂𝑖 , 𝜌𝑖 ≥ 0, 𝑖 = 1,2, . . . , 𝑛                                     (9) 

To achieve the optimal solutions of CCi values (maximum 

relative closeness coefficient), the maximum value of CCi (the 

𝜂𝑖  and 𝜌𝑖 variables must be maximum values) can be 

formulated as 

CC𝑖

= 𝑚𝑎𝑥 (
𝜂𝑖 (∑ 𝑣𝑗𝑐(𝑥𝑗𝑐

𝑛 − 𝑥𝑖𝑗𝑐)𝑚
𝑗𝑐=1 + ∑ 𝑢𝑗𝑏 (𝑦𝑖𝑗𝑏 − 𝑦

𝑗𝑏
𝑛 )𝑠

𝑗𝑏=1 )

𝜂𝑖 (∑ 𝑣𝑗𝑐(𝑥𝑗𝑐
𝑛 − 𝑥𝑖𝑗𝑐)𝑚

𝑗𝑐=1 + ∑ 𝑢𝑗𝑏 (𝑦𝑖𝑗𝑏 − 𝑦
𝑗𝑏
𝑛 )𝑠

𝑗𝑏=1 ) + 𝜌𝑖 (∑ 𝑣𝑗𝑐 (𝑥𝑖𝑗𝑐 − 𝑥𝑗𝑐
𝑝

)𝑠
𝑗𝑏=1

+ ∑ 𝑢𝑗𝑏 (𝑦
𝑗𝑏

𝑝
− 𝑦𝑖𝑗𝑏)𝑠

𝑗𝑏=1 )
) , ∀𝑖 

= 1,2, … , 𝑛  

𝑢𝑗𝑏 , 𝑣𝑗𝑐 ≥ 0, 𝑗𝑐 = 1,2, . . . , 𝑚; 𝑗𝑏 = 1,2, . . . , 𝑠 

𝜂𝑖 , 𝜌𝑖 ≥ 0, 𝑖 = 1,2, . . . , 𝑛                      (10) 

The above model is a nonlinear programming model. Hence, 

the above model can be converted to model (11). 

CC𝑖 = 𝑚𝑎𝑥 𝜂𝑖 ( ∑ 𝑣𝑗𝑐(𝑥𝑗𝑐
𝑛 − 𝑥𝑖𝑗𝑐)

𝑚

𝑗𝑐=1

+ ∑ 𝑢𝑗𝑏(𝑦𝑖𝑗𝑏 − 𝑦
𝑗𝑏
𝑛 )

𝑠

𝑗𝑏=1

) , ∀𝑖 = 1,2, . . . , 𝑛 

𝜂𝑖 ( ∑ 𝑣𝑗𝑐(𝑥𝑗𝑐
𝑛 − 𝑥𝑖𝑗𝑐)

𝑚

𝑗𝑐=1

+ ∑ 𝑢𝑗𝑏(𝑦𝑖𝑗𝑏 − 𝑦
𝑗𝑏
𝑛 )

𝑠

𝑗𝑏=1

) + 

𝜌𝑖 ( ∑ 𝑣𝑗𝑐(𝑥𝑖𝑗𝑐 − 𝑥𝑗𝑐
𝑝

)

𝑠

𝑗𝑏=1

+ ∑ 𝑢𝑗𝑏(𝑦
𝑗𝑏
𝑝

− 𝑦𝑖𝑗𝑏)

𝑠

𝑗𝑏=1

) = 1, ∀𝑖

= 1,2, . . . , 𝑛 

𝑢𝑗𝑏 , 𝑣𝑗𝑐 ≥ 0, 𝑗𝑐 = 1,2, . . . , 𝑚; 𝑗𝑏 = 1,2, . . . , 𝑠 

𝜂𝑖 , 𝜌𝑖 ≥ 0, 𝑖 = 1,2, . . . , 𝑛                           (11) 

The objective function of the proposed TOPSIS linear 

programming model is to be maximized; the CCi, 𝜂𝑖and𝜌𝑖can 

be achieved using model (11). After obtaining the CCi, a set of 

alternatives can be ranked by preference in descending order 

of the CCi value. The larger the CCi value, the better the 

alternative's ranking. 

 

3.4.2 Taguchi method based on the TOPSIS linear 

programming model for optimizing the relative closeness 

coefficient 

In this section, the Taguchi method based on the results 

obtained from the TOPSIS linear programming model is 

developed for optimizing the parameters of the fish scale 

scraping machine. After obtaining the CCi scores of each run, 

the Taguchi method will be used to analyze the experimental 

results of the fish scale scraping machine using Minitab 

statistical software. The fish damage and the fish scale-

removal efficiency will be analyzed using the S/N Ratio values. 

The fish damage response is calculated (smaller is better) 

using Equation (12). The fish scale-removal efficiency 

response is calculated (larger is better) using Equation (13). 
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𝑆/𝑁 = −10 𝑙𝑜𝑔 ∑
𝑦2

𝑛

𝑛
𝑖=1                           (12) 

𝑆/𝑁 = −10 𝑙𝑜𝑔 ∑
𝑦−2

𝑛

𝑛
𝑖=1                          (13) 

where y and n are the response and number of replications, 

respectively.  

In this paper, the CCi response, obtained by the proposed 

TOPSIS linear programming model, is calculated (larger is 

better) using Equation (13). Using Minitab statistical software 

for solving this problem, the optimal parameters of the 

proposed machine can be obtained. 

 

3.5. Validation using confirmation experiment 

In order to verify the reliability and generalizability of the 

results, confirmation experiments are a crucial validation 

technique. This section compares the ideal parameters 

predicted by the proposed method to their original values for 

confirmation purposes. Taguchi, in reference to Jeyapaul et 

al.,[46,47] advocated a confirmation experiment as a handy way 

for validating the model with the optimal amounts of the 

specified parameters. If the confirmation result is comparable 

to the response predicted by the main effects model, the 

additive model is deemed viable. Thus, the model may be 

applied to accurately estimate the response for any 

combination of component values inside the experimental 

zone. The optimum condition is calculated using Equation (14) 

to obtain the expected mean (𝜇̂) at the optimal parameters. 

𝜇̂ = 𝛾𝑎 + ∑ (𝛾𝑖
𝑚𝑎𝑥𝑛∑𝑎

𝑖=1                          (14)          

If 𝛾𝑎 is the grand average, 𝛾𝑖
𝑚𝑎𝑥is the optimal mean value of 

the ith parameter, and n is the number of controllable factors 

that significantly impact quality. 

 

4. Results 

After the experimental design in Section 3, this section is to 

analyze the experimental results in the following order. 

 

4.1 The results of the experiment with the Taguchi method 

In this research, there are three relevant factors used in the 

experiment, and each factor has three levels. Therefore, in 

order to reduce costs and shorten the trial period, we applied 

the Taguchi method in the experiment to determine the optimal 

parameters of the fish scale scraping machine. The Taguchi-

L9 experimental design was used for the case study. Speed (S), 

time (T) and capacity (C), have been considered as the three 

relevant factors; each factor has three levels. In each run, the 

fish damage response (R1) and the fish scale-removal 

efficiency response (R2) were evaluated by 15 entrepreneurs 

using a five-level rating scale, as shown in Table 2 and Table 

3, respectively.  

Table 2. The five-level rating scale for the fish damage response. 

Score Meaning 

1 Not damaged 

2 Slightly damaged 

3 Medium  

4 Very damaged  

5 Most damaged 

Table 3. The five-level rating scale for the fish scale-removal 

efficiency response. 

Score Meaning 

1 Inefficient 

2 Less efficient 

3 Medium  

4 Very efficient 

5 Most efficient 

  

The averages of the fish damage and fish scale removal 

efficiency responses were then calculated by 15 entrepreneurs. 

For example, in Experiment No. 1, the decision makers 

provided the rating scores for the fish scale removal efficiency 

(R1) as follows: 1, 1, 1, 1, 1, 1, 1, 1, 2, 1, 1, 2, 1, 2, and 1, 

whose mean is 1.200. Details of other experimental results are 

shown in Table 4. 

Table 4. The experimental results based on the Taguchi-L9 

experimental design for the case study. 

Exp. 

No. 

Experimental parameters Responses 

Speed 

(rpm) 

Time 

(second) 

Capacity 

(kg) 
R1 R2 

1 50 180 20 1.200 3.800 

2 50 240 25 1.467 4.400 

3 50 300 30 2.000 3.800 

4 60 180 25 1.467 4.933 

5 60 240 30 1.733 4.733 

6 60 300 20 3.000 3.800 

7 70 180 30 1.533 4.533 

8 70 240 20 3.000 3.933 

9 70 300 25 3.800 4.000 

  

After experimenting according to the Taguchi-L9 

experimental design, the data set in Table 4 was used to 

calculate the signal-to-noise ratio (S/N Ratio) of the fish 

damage response (R1) using Minitab. The experimental results 

of the S/N Ratio for the R1 response are shown in Fig. 3.  

Figure 3 shows that the main effects for the signal-to-noise 

ratio of the R1, a speed of 70 rpm, a time of 300 seconds, and 

a capacity of 20 kg, are the optimal parameters for the R1. As 

depicted in Fig. 4, for calculating the S/N Ratio for the R2, set 

the format to “larger is better”. 
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Fig. 3 The signal-to-noise ratio (S/N Ratio) of the fish damage 

response (R1). 

 

Figure 4 shows that the main effects for the signal-to-noise 

ratio of the R2, a speed of 60 rpm, a time of 180 seconds, and 

a capacity of 25 kg, are the optimal parameters for the R2. 

Analysis of Variance (ANOVA) for the R1 and R2 are shown in 

Table 5 and Table 6, respectively. 

Table 5. The Analysis of Variance for the fish damage response 

(R1). 

Source DF Adj SS Adj MS F-Value P-Value 

  Speed 2 2.26074 1.13037 24.61 0.039 

  Time 2 3.54667 1.77333 38.61 0.025 

  Capacity 2 0.67852 0.33926 7.39 0.119 

Error 2 0.09185 0.04593     

Total 8 6.57778       

Model 

Summary 

 R2 = 98.60 R2 (adj) = 

94.41 

  

 
Fig. 4 The signal-to-noise ratio (S/N Ratio) of the fish scale 

removal efficiency response (R2). 

Table 6. The Analysis of Variance for the fish scale removal 

efficiency response (R2). 

Source DF Adj SS Adj MS F-Value P-Value 

Speed 2 0.37432 0.18716 54.14 0.018 

Time 2 0.5521 0.276049 79.86 0.012 

Capacity 2 0.62914 0.314568 91 0.011 

Error 2 0.00691 0.003457     

Total 8 1.56247       

Model 

Summary 

 R2 = 99.56 R2 (adj) = 

98.23 

  

 

As seen in Tables 5 and 6, the R1 and R2 results obtained 

from the relevant variables were analyzed using ANOVA. 

Speed (S), time (T), and capacity (C) were found to have a 

significant effect on the fish damage response and the fish 

scale removal efficiency response; P-values < 0.05. The fish 

damage response is defined as "smaller is better," while the 

fish scale removal efficiency response is defined as "larger is 

better." This is one of those multi-objective optimization 

problems in which it is difficult to determine the optimal 

parameters because the two responses have opposing 

viewpoints. Hence, the proposed TOPSIS linear programming 

model based on the Taguchi method was utilized for solving 

this problem. The TOPSIS linear programming model was 

used to combine the two responses into the CCi scores for each 

run. Finally, the Taguchi method was used to optimize the 

parameters for the fish scale scraping machine. The 

calculation steps of the proposed method are shown in the next 

section. 

Table 7. The experimental results based on the Taguchi-L9 

experimental design for the case study. 

Exp. No. 
Responses(P matrix) 

Normalized decision matrix 

(Q matrix) 

R1 R2 X1 Y1 

1 1.200 3.800 0.17405 0.29907 

2 1.467 4.400 0.21272 0.34629 

3 2.000 3.800 0.29008 0.29907 

4 1.467 4.933 0.21272 0.38827 

5 1.733 4.733 0.25140 0.37253 

6 3.000 3.800 0.43511 0.29907 

7 1.533 4.533 0.22239 0.35678 

8 3.000 3.933 0.43511 0.30956 

9 3.800 4.000 0.55114 0.31481 

 

4.2 Determining the optimal parameters using the TOPSIS 

linear programming model based on the Taguchi method 

After obtaining the results of fish damage response (R1) and 

fish scale removal efficiency response (R2), the two data sets 

for the two responses were normalized using Equation (2). As 
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a result, the normalized decision matrix (Q matrix) was 

obtained. Details of the Q matrix are shown in Table 7. 

In the Q matrix, let R1 and R2 be X1 (smaller is better) and 

Y1 (larger is better) respectively. Then 𝑥1
𝑛,𝑥1

𝑝
,𝑦1

𝑛,𝑦1
𝑝
are defined 

as 

𝑥1
𝑛 = max  {𝑥11, 𝑥21, 𝑥31, 𝑥41, 𝑥51, 𝑥61, 𝑥71, 𝑥81, 𝑥91} 

= max  {
0.17405, 0.21272, 0.29008,0.21272, 0.25140,

0.43511, 0.22239,0.435111, 0.55114 
} 

= 0.55114, 

𝑥1
𝑝
= min {𝑥11, 𝑥21, 𝑥31, 𝑥41, 𝑥51, 𝑥61, 𝑥71, 𝑥81, 𝑥91} 

= min  {
0.17405, 0.21272, 0.29008,0.21272, 0.25140,

0.43511, 0.22239,0.435111, 0.55114 
} 

= 0.17405, 

𝑦1
𝑛 = min  {𝑦11, 𝑦21, 𝑦31, 𝑦41, 𝑦51, 𝑦61, 𝑦71, 𝑦81, 𝑦91} 

= min {0.29907, 0.34629, 0.29907, 0.38827, 0.37253, 0.29907, 

0.35678, 0.30956, 0.31481} 

= 0.29907, 

𝑦1
𝑝

= max  {𝑦11, 𝑦21, 𝑦31, 𝑦41, 𝑦51, 𝑦61, 𝑦71, 𝑦81, 𝑦91} 

= max {0.29907, 0.34629, 0.29907, 0.38827, 0.37253, 

0.29907, 0.35678, 0.30956, 0.31481} 

= 0.38827, 

After that, based on the concepts of the proposed TOPSIS 

linear programming model, the results of the two responses 

were taken into model (10), setting v1 =0.5 and u1 =0.5. As a 

result, the values of CCi were calculated. For example, to 

obtain the value of CC1, the relevant data listed in Table 8 were 

taken into model (11):  

Objective: 

CC1 = 𝑚𝑎𝑥 (𝜂1(0.5(0.5511 − 0.17405)

+ 0.5(0.29907 − 0.29907))). 

Subject to: 

𝜂1(0.5(0.5511 − 0.17405) + 0.5(0.29907 − 0.29907)) + 

𝜌1(0.5(0.17405 − 0.17405) + 0.5(0.38827 − 0.29907))

= 1; 

𝜂1(0.5(0.5511 − 0.17405) + 0.5(0.29907 − 0.29907)) ≤ 

𝜂1(0.5(0.5511 − 0.17405) + 0.5(0.29907 − 0.29907)) + 

𝜌1(0.5(0.17405 − 0.17405) + 0.5(0.38827 − 0.29907)); 

𝜂1 ≥ 0; 𝜌1 ≥ 0; 𝜂1 = 𝜌1. 

In this paper, this linear programming model of CC1 was 

solved using the LINGO software. As a result, CC1 is 0.8087. 

Table 8 provides information on each CCi value.  

Details of the CCi are shown in the last column of Table 8. 

After obtaining the CCi scores, Taguchi's larger-is-better 

criterion is used to determine the optimal parametric condition 

for the CCi. The main effects of the S/N Ratio are shown in 

Table 9 and Fig. 5. 

Table 8. The experimental results for the fish scale scraping 

machine (R2). 

Experiment 

No.  

Experimental  

parameters 

X1  Y1 

CCi 

(R1) (R2) 

1 S1 T1 C1  1.200 3.800 0.8087 

2 S1 T2 C2  1.467 4.400 0.8270 

3 S1 T3 C3  2.000 3.800 0.5599 

4 S2 T 1 C2  1.467 4.933 0.9171 

5 S2 T 2 C3  1.733 4.733 0.8004 

6 S2 T 3 C1  3.000 3.800 0.2488 

7 S3 T 1 C3  1.533 4.533 0.8288 

8 S3 T 2 C1  3.000 3.933 0.2713 

9 S3 T 3 C2  3.800 4.000 0.0338 

Table 9. The main effects for S/N Ratios of the CCi response. 

Level Speed Time Capacity 

1 
-2.84* -1.41* -8.42 

2 -4.92 -4.97 -10.61 

3 
-14.13 -15.52 -2.87* 

Delta 
11.29 14.11 7.74 

Rank 
2 1 3 

  

According to Table 9, a greater delta value indicates that 

process parameters exert a greater impact on the multi-

response performance indicator. Thus, the delta statistics in 

Table 9 reveal that the CC response is primarily affected by 

time, followed by speed and capacity. Further, speed, capacity 

and time significantly affect performance metrics due to their 

roles in determining the fish damage response and the fish 

scale removal efficiency response throughout the fish 

production process. 

Figure 5 shows that desirable values of S/N ratios of the 

CCi response are achieved at the first level of speed (50 rpm), 

the first level of time (180 seconds), and the third level of 

capacity (30 kg). The results of S/N ratios in Table 9 also 

specify the same levels for the variables. In addition, Analysis 

of Variance (ANOVA) for the CCi response are shown in Table 

10. 

Table 10. The Analysis of Variance for the CCi response. 

Source DF Adj SS Adj MS F-Value P-Value 

Speed 2 0.20807 0.104037 17.98 0.053 

Time 2 0.49746 0.248729 42.99 0.023 

Capacity 2 0.12339 0.061695 10.66 0.086 

Error 2 0.01157 0.005786     

Total 8 0.84049       

Model 

Summary 

 R2 = 98.62 R2 (adj) = 

94.49 
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Fig. 5 The main effect plot for S/N Ratios of the CCi response. 

 

4.3 Validation using confirmation experiment 

In this section, a confirmation test was performed using the 

optimal parameters calculated using the proposed method 

compared to the original parameters. Table 11 shows the main 

effects for means of the CCi response.  

Table 11. The main effects for means of the CCi response. 

Level Speed Time Capacity 

1 0.7319 0.8515 0.4430 

2 0.6554 0.6329 0.5926 

3 0.378 0.2808 0.7297 

Delta 0.3539 0.5707 0.2867 

Rank 2 1 3 

 

The predicted CCi can be calculated using Equation (14),  

𝛾𝑎 = (0.7319 + 0.8515 + 0.443 + 0.6554 + 0.6329

+ 0.5926 + 0.378 + 0.2808 + 0.7297)/9 

=  0.5884, 

𝛾1
𝑚𝑎𝑥 = 0.7319, 𝛾2

𝑚𝑎𝑥 = 0.8515, 𝛾3
𝑚𝑎𝑥 = 0.7297 

𝜇̂ = 0.5884 + (0.7319 − 0.5884) + (0.8515 − 0.5884)

+ (0.7297 − 0.5884) = 1.1363 

Table 12 shows that the optimal parameters obtained from the 

proposed method can improve the fish damage response by 

23.95% and the fish scale removal efficiency by 29.74%.  

After testing the fish scale scraping machine with the 

optimal parameters, Figure 6 depicts the characteristics of the 

scaled fish obtained by the proposed machine.  

Finally, the proposed method was compared with the 

original TOPSIS[48] and Grey Relational Analysis (GRA).[47] 

The comparison results are shown in Table 13. 

 

Fig. 6 The characteristics of the scaled fish obtained by the 

proposed machine. 

 

After that, Spearman's rank correlation test was used to 

evaluate the correlation coefficients (rs) for the proposed 

method, the rs value for the proposed method and original 

TOPSIS is obtained as rs = 0.983 (sig. = 0.000) . Besides, the 

rs value for the proposed method and GRA is obtained as rs = 

0.900 (sig. = 0.000). The proposed method is highly correlated 

with the original TOPSIS and the GRA. This means that the 

proposed method is more consistent with the original TOPSIS 

and the GRA. Lastly, the optimal parameters for the proposed 

method and the original TOPSIS, based on the Taguchi 

method, are the same. Consequently, the proposed method can 

be utilized to handle the multi-response optimization problem 

in this case study in an effective and trustworthy manner. In 

addition, other multi-response optimization problems from the 

existing literature were employed to validate the proposed 

method. The validation's details are as follows: 

Table 12. Confirmation experiment. 

Response Original parameters Optimal parameters  Improvement 

Prediction Experiment  Prediction Experiment 

Level S1 T 3 C3 S1 T1 C3 S1 T1 C3    

CC 0.5599 1.1363 -  75.617% - 

R1 2.00 - 1.270  - 23.95% 

R2 3.80 - 
4.933 

 

 
- 29.74% 
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Table 13. The comparison results for the proposed method, the original TOPSIS and grey relational analysis. 

Experiment No. Experimental parameters 
GRA TOPSIS Proposed 

GRG (rank) CC (rank) CC (rank) 

1 S1 T1 C1  0.66667(5) 0.8087 (4) 0.8087 (4) 

2 S1 T2 C2  0.67247(4) 0.8569 (2) 0.8270 (3) 

3 S1 T3 C3  0.47619(6) 0.6408 (6) 0.5599 (6) 

4 S2 T 1 C2  0.91489(1) 0.9005 (1) 0.9171 (1) 

5 S2 T 2 C3  0.72411(2) 0.7963 (5) 0.8004 (5) 

6 S2 T 3 C1  0.37634(8) 0.2961 (8) 0.2488 (8) 

7 S3 T 1 C3  0.69106(3) 0.8526 (3) 0.8288 (2) 

8 S3 T 2 C1  0.39053(7) 0.2994 (7) 0.2713 (7) 

9 S3 T 3 C2  0.35556(9) 0.0394 (9) 0.0338 (9) 

 

Problem 1: Parida and Routara[49] proposed the original 

TOPSIS approach for the multi-response optimization of 

process parameters in the turning of Glass Fiber Reinforced 

Polymer (GFRP). The objectives of this research were to 

examine the impacts of cutting speed (v), feed rate (f) and 

depth of cut (d) on the surface roughness (Ra) and material 

removal rate (MRR). Details of the data set are shown in Table 

14. 

After obtaining the Q matrix, let Ra response and MRR 

response be X1 (smaller is better) and Y1 (larger is better) 

respectively. Based on the same calculation steps of the 

proposed TOPSIS linear programming model, set 𝑥1
𝑛 =

0.5080,𝑥1
𝑝

= 0.2082,𝑦1
𝑛 = 0.1115,𝑦1

𝑝
= 0.4863 v1 =0.5 and 

u1 =0.5. After that, the results of the two responses were taken 

into model (11). As a result, the values of CCi were obtained. 

Table 15 provides a comparison of the results for the proposed 

method and the original TOPSIS. 

From Table 15, it can be seen that the proposed method 

tends to be highly consistent with the original TOPSIS. After 

that, Spearman's rank correlation test was used to evaluate the  

Table 14. The experimental results based on the Taguchi-L9 experimental design for this problem. 

Exp. No. 
Experimental parameters 

 
Responses 

(P matrix) 

 Normalized decision 

matrix 

(Q matrix) 

v (rpm) f (mm/rev) d (mm)  Ra MRR  X1 Y1 

1 200 0.03 0.5  2.60 319.49  0.27064 0.11154 

2 200 0.04 1.0  2.80 625.82  0.29146 0.21848 

3 200 0.05 1.5  2.00 913.26  0.20819 0.31882 

4 300 0.03 1.0  2.50 971.28  0.26024 0.33908 

5 300 0.04 1.5  2.80 1155.08  0.29146 0.40324 

6 300 0.05 0.5  3.40 493.13  0.35392 0.17215 

7 400 0.03 1.5  3.52 1392.92  0.36641 0.48628 

8 400 0.04 0.5  4.88 974.42  0.50798 0.34018 

9 400 0.05 1.0  3.44 1211.15  0.35808 0.42282 

Table 15. Comparison of results for the proposed method and the original TOPSIS. 

Exp. No. 
Experimental parameters  CCi 

v (rpm) f (mm/rev) d (mm)  TOPSIS (rank) Proposed (rank) 

1 200 0.03 0.5  0.3845 (8) 0.3519 (7) 

2 200 0.04 1.0  0.4627 (6) 0.4795 (6) 

3 200 0.05 1.5  0.6852 (3) 0.7518 (3) 

4 300 0.03 1.0  0.6830 (4) 0.7046 (4) 

5 300 0.04 1.5  0.7555 (1) 0.7534 (2) 

6 300 0.05 0.5  0.3235 (9) 0.3183 (9) 

7 400 0.03 1.5  0.7169 (2) 0.7654 (1) 

8 400 0.04 0.5  0.4067 (7) 0.3390 (8) 

9 400 0.05 1.0  0.6797 (5)  0.6837 (5) 
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rs value for the proposed method, the rs value for the proposed 

method and original TOPSIS is obtained as rs = 0.967 (sig. 

=0.000) . This means that the proposed method is highly 

correlated with the original TOPSIS.  Lastly, the optimal 

parameters for the proposed method and the original TOPSIS, 

based on the Taguchi method, are the same. 

Problem 2: Kamalizadeh et al.[50] proposed the original 

TOPSIS approach for the multi-response optimization of 

process parameters in the milling of Titanium-based metal 

matrix composites (Ti-MMCs). The objective of this research 

was to examine the impacts of the initial cutting speed (v1), 

secondary cutting speed (v2), and feed rate (f) on the surface 

roughness (Ra) and tool wear rates (Vb). Details of the data set 

for this problem are shown in Table 16. 

After obtaining the Q matrix, let Ra response and Vb 

response be X1 (smaller is better) and Y1 (larger is better) 

respectively. Based on the same calculation steps of the 

proposed TOPSIS linear programming model, set  𝑥1
𝑛 =

0.31589 , 𝑥1
𝑝

= 0.07722 , 𝑦1
𝑛 = 0.29935 , 𝑦1

𝑝
= 0.07541  v1 

=0.5 and u1 =0.5.  After that, the results of the two responses 

were taken into model (11). As a result, the values of CCi were 

obtained. Table 17 provides a comparison of the results for the 

proposed method and the original TOPSIS. 

After obtaining the CCi scores, the rs value for the proposed 

method and original TOPSIS is obtained as rs = 0.9996 (sig. 

=0.000). This means that the proposed method is highly 

correlated with the original TOPSIS.   

 

5. Conclusion  

Multi-response optimization (MRO) is a statistical technique 

for maximizing numerous response variables within a single 

experiment or study. MRO seeks input variables that optimize 

or minimize multiple responses. MRO is utilized in 

engineering, manufacturing and pharmaceutical research to 

improve a variety of performance factors. MRO enables 

researchers to identify the optimal input variables for a variety 

of criteria. MRO is rigorous and methodical, and usually uses 

computer algorithms to investigate numerous possible options.

Table 16. The L27 full factorial experimental design for this problem. 

Exp. No. 

Experimental parameters 

 
Responses 

(P matrix) 

 Normalized 

decision matrix 

(Q matrix) 

v1 (m/min) v2 (m/min) f (mm/rev) 
 

Ra Vb 
 

X1 Y1 

1 40 40 0.10  1.907 220.2  0.14394 0.22024 

2 40 40 0.15  1.999 232.2  0.15089 0.23224 

3 40 40 0.20  1.776 194.2  0.13405 0.19423 

4 40 60 0.10  1.684 179.0  0.12711 0.17903 

5 40 60 0.15  1.902 138.0  0.14356 0.13802 

6 40 60 0.20  1.769 159.0  0.13353 0.15903 

7 40 80 0.10  3.685 296.3  0.27815 0.29635 

8 40 80 0.15  4.185 228.6  0.31589 0.22864 

9 40 80 0.20  3.983 283.6  0.30064 0.28365 

10 60 40 0.10  1.284 114.5  0.09692 0.11452 

11 60 40 0.15  1.257 123.5  0.09488 0.12352 

12 60 40 0.20  1.517 153.0  0.11450 0.15303 

13 60 60 0.10  2.514 204.5  0.18976 0.20453 

14 60 60 0.15  2.884 162.0  0.21769 0.16203 

15 60 60 0.20  2.194 151.7  0.16560 0.15173 

16 60 80 0.10  3.687 299.3  0.27830 0.29935 

17 60 80 0.15  3.318 271.2  0.25045 0.27125 

18 60 80 0.20  3.447 243.5  0.26018 0.24354 

19 80 40 0.10  1.683 166.3  0.12703 0.16633 

20 80 40 0.15  1.483 150.4  0.11194 0.15043 

21 80 40 0.20  1.565 119.2  0.11813 0.11922 

22 80 60 0.10  1.023 95.4  0.07722 0.09542 

23 80 60 0.15  1.028 75.4  0.07759 0.07541 

24 80 60 0.20  1.083 81.3  0.08175 0.08131 

25 80 80 0.10  3.43 187.5  0.25890 0.18753 

26 80 80 0.15  3.381 189.4  0.25520 0.18943 

27 80 80 0.20  3.574 201.3  0.26977 0.20133 
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Table 17. Comparison of results for the proposed method and the original TOPSIS. 

Exp. No. 
Experimental parameters CCi 

v1 (m/min) v2 (m/min) f (mm/rev)  TOPSIS (rank) Proposed (rank) 

1 40 40 0.10  0.5427 (15) 0.5427 (15) 

2 40 40 0.15  0.5069 (16) 0.5017 (17) 

3 40 40 0.20  0.6146 (14) 0.6203 (14) 

4 40 60 0.10  0.6606 (12) 0.6682 (12) 

5 40 60 0.15  0.7213 (9) 0.7212 (9) 

6 40 60 0.20  0.6954 (10) 0.6975 (10) 

7 40 80 0.10  0.1125 (25) 0.0881 (25) 

8 40 80 0.15  0.1996 (24) 0.1529 (24) 

9 40 80 0.20  0.0669 (27) 0.0669 (27) 

10 60 40 0.10  0.8674 (4) 0.8729 (4) 

11 60 40 0.15  0.8464 (5) 0.8578 (5) 

12 60 40 0.20  0.7430 (8) 0.7516 (8) 

13 60 60 0.10  0.4795 (18) 0.4776 (18) 

14 60 60 0.15  0.5057 (17) 0.5091 (16) 

15 60 60 0.20  0.6434 (13) 0.6440 (13) 

16 60 80 0.10  0.1110 (26) 0.0813 (26) 

17 60 80 0.15  0.2141 (23) 0.2022 (23) 

18 60 80 0.20  0.2409 (22) 0.2411 (22) 

19 80 40 0.10  0.6902 (11) 0.6958 (11) 

20 80 40 0.15  0.7534 (7) 0.7628 (7) 

21 80 40 0.20  0.8169 (6) 0.8169 (6) 

22 80 60 0.10  0.9401 (3) 0.9568 (3) 

23 80 60 0.15  0.9988 (1) 0.9992 (1) 

24 80 60 0.20  0.9773 (2) 0.9775 (2) 

25 80 80 0.10  0.3702 (20) 0.3649 (20) 

26 80 80 0.15  0.3727 (19) 0.3688 (19) 

27 80 80 0.20  0.3201 (21) 0.3116 (21) 

The optimal input variables satisfy performance objectives 

across multiple response variables, hence addressing complex 

optimization issues. Although there are many different multi-

criteria decision-making (MCDM) methods for solving multi-

response optimization problems, the TOPSIS technique is one 

of the most commonly used. For this reason, it would be wise 

to experiment with a new technique based on TOPSIS ideas 

that yield reliable and easier-to-use results in solving these 

problems. This research provides a novel TOPSIS linear 

programming approach based on the Taguchi method for 

addressing the MRO of a fish scale scraping machine to 

increase fish scale removal efficiency while minimizing fish 

damage. The initial experiment design was based on the 

Taguchi experimental design. The two responses were then 

combined into a single output using the TOPSIS linear 

programming model. The optimal combination of parameters 

(speed = 50 rpm, time = 180 seconds, and capacity = 30 kg) 

was determined. Compared with the initial parameters, the fish 

damage decreases by 23.95%, and the fish scaling removal 

efficiency increases by 29.74%. In addition, the proposed 

method is effective and reliable compared to the original 

TOPSIS method. Therefore, the proposed method can be used 

to determine the optimal parameters for this case study.  

In conclusion, the TOPSIS linear programming model can 

be used as a multi-criteria decision-making method that can be 

applied in various fields, such as engineering, manufacturing 

and economics studies. However, there is still much room for 

improvement and further development in the future. One 

potential direction for future work is to enhance the efficiency 

and accuracy of the TOPSIS linear programming model by 

incorporating the other DOE methods for solving the MRO 

problems. Moreover, the integration of the TOPSIS linear 

programming model with other decision-making methods, 

such as Analytic Hierarchy Process (AHP) and Decision-

Making Trial and Evaluation Laboratory (DEMATEL), could 

further improve the decision-making process. In addition, the 

integration of the TOPSIS linear programming model with 

response surface methodology could enable the optimization 
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of multiple responses simultaneously, while also accounting 

for the interactions between factors. In this paper, the TOPSIS 

linear programming model assumes that all criteria are precise 

and certain. However, in many real-world MRO problems, 

responses may be imprecise. Future research could extend the 

TOPSIS linear programming model to tackle uncertainty and 

imprecision, for example by using fuzzy logic. 
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