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Abstract
Industrial robot selection is a decision-making process according to the needs of manufacturing. Making the appropriate choice
is crucial to the success and efficiency of the manufacturing. The wrong choice makes it difficult to use the robot or the selected
robot is not suitable for many planned production tasks. Alternative: Better quality and consistency, Maximum productivity,
Greater safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical. the
result it is seen that Collaborative robot is got the first rank whereas Cylindrical is having the lowest rank.
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1. Introduction
Robots are being used more often in many contemporary manufacturing facilities. Robots do repetitive, demanding, and
hazardous jobs with accuracy, and when used appropriately, they may substantially enhance quality and efficiency. As a result,
decision-makers see robot selection and application as critical issues. Manufacturing robot selection requires a thorough
examination and assessment of the demands in connection to the features of the alternative issue since they are frequently
expensive and have a variety of attributes. This process is facilitated by the use of quantitative tools [1]. A new, comprehensive
technique for picking a robot is necessary, one that takes into account both technical and consumer criteria. The current work
adds and is innovative in the sense that it is simple to use: It does not involve complicated mathematics and covers technological
requirements, client requirements, and the economics of robot systems [2]. In today's technologically advanced world Increase
productivity and reduce production costs In developing automated systems Most industries focus on In addition, managers in
today's competitive market To make essential decisions for their companies, especially in areas where technology decisions are
crucial, such the selection of robots [3]. Several studies in the open literature have concentrated on complex models created. A
simple, systematic and fair scientific method or a mathematical tool for decision makers (DMs). It should help to reach an
acceptable result.
2. Robot Selection
The objective of a robot selection process is determining Robot Selection Factor is to get the best combination of elements
relevant to the actual needs of the industry.In order to enhance the current robot selection process, For a specific industrial
application Factors influencing the selection of a robot Need to identify, apply logic to the process, eliminate inappropriate
robots, and select an appropriate robot[4].Since the first publications in the late 1970s, there are now more robotic devices
available on the market for a variety of uses than ever before. There are also more methods available to help the decision-maker
choose the right device.Based on these approaches to evaluate some qualities of various solutions reflect objective and
repeatable procedures, Expression of robot performance characteristics or economic evaluations[5].In Evolution's OP Robot
Performance Parameters To reduce the impact of measurement errors, Robot evaluation within reachable robot joint surfaces
Robot evaluation within reachable robot joint surfaces In creating a group of configurations The difficulty is qualitatively
defined [6].Decision makers must identify and pick the ideal robot to produce the target result while taking into account many
competing factors. MCDM approaches have been developed and utilised in a variety of sectors [7]. It has become difficult to
select a robot from the vast array of market options. Subsequently, Since robots are still a new concept in the market, It is
common for a company to purchase its first robot Given this tendency And to evaluate robots to select the best robot A process
for ranking also seems necessary[8].Robot qualities and their interrelationships, as well as performance measurement criteria, are
critical factors in robot selection. The aims and objectives of the enterprise, as well as the requirements of the existing program,
dictate the exact criteria that the potential robots must adhere to [9].A robot selection choice is often defined by the two unique
qualities listed below.Group decision-making (GDM) is a challenging process since reaching consensus is usually difficult,
especially when the specialists have varying levels of technical ability. Second, robot selection may have a big influence on a
business. The cost of acquiring a robot typically accounts for a significant portion. Poor robot selection equipment productivity
and in terms of product quality Harms a company's competitiveness [10]. A comprehensive investigation and assessment of the
criteria as well as the qualities of the alternatives are required because robot installation and purchase involve a sizable initial
expenditure, and this can only be done by using quantitative techniques.The problem's complexity becomes obvious when one
realises that there are over 75 criteria to consider when selecting a robot for a certain practical applications [11]. Because of the
growing interest in the use of robots in education, a wide range of diverse robotic devices with various technological
specifications and interaction capabilities have been developed. For the robot-assisted teaching method to be of higher quality,
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the right social robot must be selected.This social robot selection must include technological and pedagogical factors that are
specific to each educational context [12].As there are many great players in the field of robot design and manufacturing A
potential robot user today is faced with many options The decision regarding robot selection has become more complex. To
complicate matters further, Both should be evaluated based on The problem of robot selection is a complex one To be
determined, there are no industry-wide standards for this [13]. Accuracy based assessment Not applicable. Evaluations on
Ambiguous Linguistic Variables As is often done, various linguistics A fuzzy to integrate ratings and weights A multi-criteria
decision-making process is required Robot fit Select the best candidate [14]. The term robot has various definitions and
understandings depending on the individual's profession and/or background. This confusion is fuelled in part by the fact that
there are very few standards in the field of robotics. The literature on robotics lacks clarity about at what point a given process
variable or attribute interacts with others to cause these changes. In fact, robot specifications are the beginning of this drawback
[15]. Several parameters are used to describe robots in the literature. According to Grover et al., it is beneficial to categorise the
list of technical features into two groups: "mandatory" and "desirable."'Mandatory' features are those that a robot must have in
order to function properly. Those that are "more useful during installation and/or operation™ but are not required completing any
task. Cost, security, and vendor-related concerns could all be on this list. [16].

3. FUzzY TOPSIS
Any real-world decision-making In the problem, objective and subjective data sets A situation arises that we need to consider
The case is an objective data set The case is an objective data set If only included, traditional MCDM tools and techniques can
solve the problem. Nevertheless, when both objective and subjective data sets have to be explored and analyzed simultaneously,
it becomes a difficult task [17]. In real life, subjective characteristics Measurements, e.g. Human-Machine Interface
Programming flexibility Precisely by decision makers May not be defined. Additionally, robot fit and subjective criteria The
weights of the criteria are usually linguistic are basically expressed [18]. In making better decisions For Decision Makers (DMs)
Direct to help of a rational mathematical instrument There is a need; The committee will decide Under Fuzzy TOPSIS approach
The weights of the criteria are usually linguistic are basically expressed [19]. In order to solve complicated, ill-defined situations
with various and connected criteria, decision makers might use a complete set of methodologies known as multi-criteria decision
making (MCDM). Decision-making under many, frequently contradictory criteria is referred to as MCDM. Each criteria may be
measured using a different unit, have a different quality characteristic, and have a different relative weight.Some factors can only
be measured; others can only be expressed subjectively. Making informed decisions requires properly framing complex
challenges and taking multiple factors into account [20]. In fuzzy MCDM problems, criteria/attribute values and associated
weights are usually characterized by fuzzy numbers. A fuzzy number is a convex fuzzy set that is characterized by a given
interval of real numbers, each having membership rank between 0 and 1[21]. By using fuzzy numbers instead of precise
numbers, the merit of Fuzzy TOPSIS is to provide the importance of attributes and the performance of alternatives with respect
to various attributes. In applying TOPSIS, there are necessary steps that involve numerical measurements of the relative
importance of attributes and the performance of each alternative on these attributes. However, accurate data may be difficult to
determine precisely because human judgments are often ambiguous under many conditions [22]. A weighted summation of some
local criteria that have been adjusted based on the beginning conditions might be thought of as a fuzzy extension of the
traditional TOPSIS technique.In many real-world scenarios, a weighted sum is not the optimum method for a set of local
requirements [23].It can be challenging the decision-maker to give a precise performance evaluation in place of the attributes
being taken into account. The benefit of utilising a fuzzy method is that it uses fuzzy numbers rather than precise numbers to
determine the relative value of qualities[24]. Strong mathematical methods for modelling uncertain systems in industry include
fuzzy sets and fuzzy logic. While sets permit partial participation, crisp sets only permit complete membership or none at all
[25].1t is challenging to effectively portray using soft data the significance of the decision makers' criteria and the influence of
alternatives on the supplier selection dilemma.Integration of expert perspectives is essential for effective execution of the
assessment process.For the supplier selection process, the TOPSIS technique in combination with an understandable fuzzy set
has a strong likelihood of success [26]. The MCGDM issue must be applied using Fuzzy TOPSIS, and the selection criteria must
be the same. If and only if a criterion is preferred, an alternative is the sole criterion if it earns a higher (lower) score than a lower
(higher) score on that criterion.Monotonic criteria fall under the categories of costs or benefits. If the candidate performs better
on a criterion, it might be categorised as beneficial. The most preferred applicant, however, receives the lowest cost score,
according to the cost criterion [27].
4. Analysis and Discussion
TABLE 1. TOPSIS Robot Selection

Better  quality | Maximum Greater | labour

and consistency | productivity | safety | costs
Avrticulated arm 55.88 68.22 26.33 42.78
Six-axis 84.55 80.33 28.66 52.31
Collaborative robot. | 70.22 85.33 30.44 38.45
SCARA 66.44 60.77 31.68 32.56
Cylindrical 54.33 58.66 24.88 54.98

This Table 1 shows data set of robot selection. Alternative: Better quality and consistency, Maximum productivity, Greater
safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical. For better
quality and consistency, six-axis is having the best value and for maximum productivity, collaborative robot is having the
greatest value and SCARA is having the best value for greater safety. Labour costs value is highest for cylindrical.
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FIGURE 1. Robot Selection in Fuzzy TOPSIS method on the data set.
This figure 1 shows data set of robot selection. Alternative: Better quality and consistency, Maximum productivity, Greater
safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical. For better
quality and consistency, six-axis is having the best value and for maximum productivity, collaborative robot is having the
greatest value and SCARA is having the best value for greater safety. Labour costs value is highest for cylindrical.

TABLE 2. Squire Rote of matrix
3122.5744 | 4653.9684 | 693.2689 | 1830.1284
7148.7025 | 6452.9089 | 821.3956 | 2736.3361
4930.8484 | 7281.2089 | 926.5936 | 1478.4025
4414.2736 | 3692.9929 | 1003.6224 | 1060.1536
2951.7489 | 3440.9956 | 619.0144 | 3022.8004
Table shows the square root value decision matrix.

TABLE 3. Fuzzy Significance

| m u
Extremely low EL 0 0 0.1
very low VL 0 0.1 0.3
low L 0.1 0.3 0.5
medium M 0.3 0.5 0.7
high H 0.5 0.7 0.9
very high VH 0.7 0.9 1
Extremely high EH 0.9 1 1

Table 3 shows the importance of weights Collect ratings. The following table using the subjective evaluations of the decision
maker fuzzy significance coefficients or calculate the weights equations. Alternative: Better quality and consistency, Maximum
productivity, Greater safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA,
Cylindrical.

TABLE 4. The criteria’s on a linguistic scale

DM1 | DM2 | DM3
M1 EH VL M
M2 L EH VH
M3 L M VH
M4 L M VL

Table 4 shows the criteria is on a linguistic scale. Alternative: Better quality and consistency, Maximum productivity, Greater
safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical.

TABLE 5. Selected ambiguities The Linguistics of Decision Makers Using Convert estimates to quantitative values number.

DM1 DM?2 DM3
Better quality and
consistency 09 |1 1 0 01 (03 |03 |05 |07
Maximum
productivity 01 |03 |05 |09 1 1 07 |09 |1
Greater safety 01 |03 |05 |03 05 (07 |07 |09 |1
labour costs 01 |03 |05 |03 05 |07 |0 01 |03
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Table 5 shows the Using the selected Linguistic evaluations of decision makers convert to quantitative values fuzzy number.
Alternative: Better quality and consistency, Maximum productivity, Greater safety, labour costs. Evaluation Preference:
Avrticulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical.

TABLE 6. Calculate aggregated Fuzzy weights

L- M-FW U-FW
FW
Better quality and consistency 0.40 | 0.53 0.67
Maximum productivity 057 | 0.73 0.83
Greater safety 0.37 | 0.57 0.73
labour costs 0.13 ] 0.30 0.50

Table 6shows the Calculate aggregated Fuzzy weights food, water, Antibiotics, agriculture Land. Alternative: Better quality and
consistency, Maximum productivity, Greater safety, labour costs. Evaluation Preference: Articulated arm, Six-axis,
Collaborative robot, SCARA, Cylindrical.
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FIGURE 2. Fuzzy weights

Figure 2 shows the graphical representation the aggregated Fuzzy weights. Alternative: Better quality and consistency,

Maximum productivity, Greater safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot,

SCARA, Cylindrical.

TABLE 7.Normalized Data
Normalized Data

Better quality | Maximum | Greater | labour
and consistency | productivity | safety costs

0.3720 0.4541 0.4130 0.4251
0.5628 0.5347 0.4496 | 0.5198
0.4674 0.5680 0.4775 | 0.3821
0.4423 0.4045 0.4970 | 0.3235
0.3617 0.3905 0.3903 | 0.5463

Table 7 shows the normalized matrix for the decision matrix by using Fuzzy TOPSIS method. Alternative: Better quality and
consistency, Maximum productivity, Greater safety, labour costs. Evaluation Preference: Articulated arm, Six-axis,
Collaborative robot, SCARA, Cylindrical.

TABLE 8. Weighted normalized decision matrix

Weighted normalized decision matrix

Better quality and consistency | Maximum productivity Greater safety | labour costs
0.14878 | 0.19838 0.25733 | 0.33301 | 0.37842 | 0.15144 | 0.23404 | 0.30288 | 0.05667 | 0.12752 | 0.21254
8 4 0.24798 | 1 6 7 4 9 7 9 8 6
0.22512 | 0.30016 0.39213 | 0.44560 | 0.16484 | 0.25476 0.06930 | 0.15593 | 0.25989
6 8 0.37521 | 0.30301 | 1 3 5 1 0.32969 | 5 7 4
0.24929 | 0.31161 | 0.32187 | 0.41653 | 0.47333 | 0.17508 | 0.27058 | 0.35016 | 0.05094 0.19103
0.18697 | 4 7 1 9 9 3 3 7 2 0.11462 | 3
0.17690 | 0.23587 | 0.29484 | 0.22922 | 0.29664 | 0.33710 | 0.18221 | 0.28160 | 0.36443 | 0.04313 | 0.09706 | 0.16176
6 4 3 9 9 1 6 6 1 9 2 9
0.14466 | 0.19288 | 0.24110 0.28634 | 0.32539 | 0.14310 0.28620 | 0.07284 | 0.16389
1 1 2 0.22127 | 9 6 4 0.22116 | 7 3 6 0.27316

Table 8 shows the Werghted normallzed array by using Fuzzy TOPSIS method Alternatrve Better qualrty and consrstency,
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SCARA, Cylindrical.

TABLE 9. A+ & A-

A | 0.2251 | 0.3001 | 0.3752 | 0.3218 | 0.4165 | 0.4733 | 0.1431 | 0.2211 | 0.2862 | 0.0431 | 0.0970 | 0.1617
+ |26 68 1 71 39 39 04 6 07 39 62 69

0.1446 | 0.1928 | 0.2411 | 0.2212 | 0.2863 | 0.3253 | 0.1822 | 0.2816 | 0.3644 | 0.0728 | 0.1638 | 0.2731
A- |61 81 02 7 49 96 16 06 31 43 96 6

Table 9 shows the A+ and A- values. Alternative: Better quality and consistency, Maximum productivity, Greater safety, labour
costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical.

TABLE 10. FPIS

FPIS

Avrticulated

arm 0.103883 | 0.081955 | 0.013088 | 0.03507
Six-axis 0 0.023949 | 0.03412 0.067773
Collaborative

robot. 0.051923 | 0 0.050187 | 0.020212
SCARA 0.06562 0.117639 | 0.06138 0
Cylindrical 0.109499 | 0.127746 | 0 0.076935

Table 10. Shows the coordinates for the fuzzy positive ideal solution (FPIS). Alternative: Better quality and consistency,
Maximum productivity, Greater safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot,

SCARA, Cylindrical.

TABLE 11. FNIS

FNIS

Articulated

arm 0.005616 | 0.045791 | 0.048291 | 0.041865
Six-axis 0.109499 | 0.103796 | 0.02726 0.009162
Collaborative

robot. 0.057576 | 0.127746 | 0.011193 | 0.056723
SCARA 0.043879 | 0.010107 | O 0.076935
Cylindrical 0 0 0.06138 0

Table 11. Shows the coordinates for the fuzzy Negative ideal solution (FNIS). Alternative: Better

quality and consistency,

Maximum productivity, Greater safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot,

SCARA, Cylindrical.

TABLE 12. Si+ & Si-

Si+ Si-
Articulated arm 0.233996 | 0.141563
Six-axis 0.125842 | 0.249717
Collaborative
robot. 0.122322 | 0.253238
SCARA 0.244638 | 0.130921
Cylindrical 0.31418 0.06138

Table 12. Shows the S+, S- value. Alternative: Better quality and consistency, Maximum productivity, Greater safety, labour
costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical.
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FIGURE 3. Si+ & Si-

Figure 3 shows the graphical representation S+, S- value. Alternative: Better quality and consistency, Maximum productivity,
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Greater safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical.

TABLE 13. Cci
Cci
Avrticulated arm 0.37694
Six-axis 0.664921
Collaborative robot. | 0.674294
SCARA 0.348602
Cylindrical 0.163435

Table 13 shows rank as per descending order. Alternative: Better quality and consistency, Maximum productivity, Greater
safety, labour costs. Evaluation Preference: Articulated arm, Six-axis, Collaborative robot, SCARA, Cylindrical.
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FIGURE 4. Cci
TABLE 13. Rank
Rank

Articulated arm 3

Six-axis 2

Collaborative robot. | 1

SCARA 4

Cylindrical 5

Shows the figure 13 rank of this paper the Collaborative robot 1" rank Six-axis is in 2™ rank, Articulated arm is in 3" rank ,
SCARA is in 4™ rank and Cylindrical cases is in 5™ rank. The result is done by using the Fuzzy TOPSIS method.

Six-axis

Rank
Articulated arm
5
4
Cylindrica
SCARA

Collaborative
robot.

FIGURE 5. Rank
Shows the figure 5 final result of this paper the Collaborative robot 1"® rank Six-axis is in 2" rank, Articulated arm is in 3"
rank , SCARA is in 4™ rank and Cylindrical cases is in 5™ rank. The result is done by using the Fuzzy TOPSIS method.

5. Conclusion
There are numerous robots with various specifications, so deciding which the best iscan be complicated depending on many
conflicting criteria. The increased usage of robots in different modern industrial processes is mostly due to recent advancements
in engineering science and information technology. Robots are being developed by manufacturers to carry out precise,
dangerous, and time-consuming jobs in a variety of industrial settings. Consequently, raise product quality and productivity.The
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decision maker (DM) must take into account a variety of qualitative and quantitative criteria when selecting a robot. These
criteria are either maximisation (useful) or minimization (useless). Because of this, MCDM tools are great solutions for issues
involving multiple conflicting criteria.
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