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Abstract: The selection of an optimal industrial robot is a critical decision that can significantly impact
the efficiency and productivity of manufacturing processes. In this context, the Grey Relational Analysis
(GRA) method provides a systematic and objective approach to evaluate and rank different robot options
based on multiple criteria. This paper explores the application of the GRA method in industrial robot
selection. The GRA method allows decision-makers to consider various factors simultaneously,
incorporating both quantitative and qualitative criteria. By assigning appropriate weights to each
criterion and calculating the grey relational grade, the GRA method facilitates the identification of the
most suitable industrial robot option for a specific application. Through the GRA method, organizations
can effectively assess the performance of industrial robots based on criteria such as payload capacity,
reach, speed, flexibility, safety features, maintenance requirements, and cost. The interrelationships and
interactions among these criteria are also taken into account, providing a holistic understanding of the
robots' performance relative to each other and their alignment with the specific application requirements.
Furthermore, the GRA method enables decision-makers to rank the robot options based on their grey
relational grades, allowing for a clear comparison of their performance. This ranking assists in
identifying the most promising robot options that warrant further consideration and evaluation. The
application of the GRA method in industrial robot selection provides decision-makers with a structured
framework and quantitative analysis, facilitating informed decisions that lead to the selection of an
optimal industrial robot. This, in turn, can enhance productivity, efficiency, and overall success in
manufacturing processes. The rapid advancements in technology have led to the widespread adoption of
automation in various industries. Industrial robots have emerged as a vital component of this automation
revolution, offering increased productivity, precision, and efficiency in manufacturing processes.
However, with a wide range of options available in the market, selecting the optimal industrial robot for
a specific application can be a complex task. The process of industrial robot selection requires careful
consideration of several factors to ensure that the chosen robot meets the unique requirements of the
application and delivers the desired outcomes. This introduction aims to provide an overview of the
importance of optimal industrial robot selection and the key factors that need to be taken into account
during the decision-making process. we will use the GRA in this study, which is a research approach that
gives decision making trial and evaluation laboratory to make conclusions based on their relative
relevance in a data. Alternative parameters taken as R-robot selection r1, r2, r3, r4, r5, r6, r7. Evaluation
parameters taken as load capacity (LC), maximum tip speed (MTS), memory capacity (MC), manipulator
reach (MR), repeatability (RE), purchase cost (PC). From the result it is seen that robot selection 1 is got
the first rank where as is the robot selection 6 is having the lowest rank. The Grey Relational Analysis
(GRA) method offers a systematic and objective approach for selecting the optimal industrial robot. By
considering multiple criteria and their interrelationships, decision-makers can evaluate and rank different
robot options. The GRA method provides valuable insights into the performance and suitability of each
option, aiding in informed decision-making. It allows for a comprehensive evaluation of factors such as
payload capacity, reach, speed, flexibility, safety features, maintenance requirements, and cost. By
applying the GRA method, organizations can make efficient and effective choices, ultimately selecting the
industrial robot that best meets their specific application requirements.

Keywords: load capacity (LC), maximum tip speed (MTS), memory capacity (MC), manipulator, reach
(MR)

1. INTRODUCTION

Robots represent the pinnacle of mechatronics, embodying the cutting-edge developments in various scientific
and technological fields. Drawing from disciplines such as mechanical engineering, computer technology,
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electronics, artificial intelligence, and automatic control theory, robot technology has made significant progress
over the years. The industrial automation revolution has propelled the widespread use of industrial robots in
various aspects of our lives and work, with applications ranging from painting and welding to stacking materials
[1]. An essential aspect of robot control is kinematic equation analysis, which forms the foundation for
understanding and manipulating robot movements. By analyzing the position and orientation of each robot link
and its corresponding mechanism parameters, kinematic analysis enables precise control over the robot's end
device. This analysis encompasses both forward kinematics and inverse kinematics. Forward kinematics allows
the determination of the robot's end device position and orientation based on the analyzed link and mechanism
parameters. In contrast, inverse kinematics deals with finding the joint angles and positions required to achieve a
specified position and orientation for the end device [2]. Forward kinematics analysis and inverse kinematics
analysis are integral components of robot kinematics. In the realm of forward kinematics, researchers commonly
employ methods such as the Denavit Hartenberg (D-H) coordinate transformation or quaternions to describe and
calculate the robot's motion. Inverse kinematics, on the other hand, offers several solution methods, including
analytical approaches, geometric methods, and intelligent algorithms, to determine the joint angles and positions
needed for a given end device position and orientation [3]. This study focuses on investigating the PUMA560
industrial robot, employing the D-H coordinate transformation method to derive the forward kinematics equation
expressed through position vectors and Euler angles. Additionally, the inverse kinematics problem is addressed
using a separation method that distinguishes position and orientation, followed by the selection of the most suitable
solution group based on the principle of the shortest path. The correctness of the kinematics solution is then
verified using the MATLAB robot toolbox [4]. By paraphrasing the provided text, we can present the same
information in a different way while maintaining the core concepts and ideas. The primary goal of selecting the
right industrial robot is to maximize productivity while minimizing costs. A well-chosen robot can significantly
improve production efficiency, reduce errors, and enhance the overall quality of manufactured products. On the
other hand, selecting an inappropriate robot can lead to inefficient operations, excessive downtime, and increased
maintenance costs. To ensure optimal industrial robot selection, several crucial factors must be considered. First
and foremost, the specific application requirements must be thoroughly analyzed. This includes understanding the
production process, the tasks the robot needs to perform, the desired cycle time, and the expected workload.
Additionally, factors such as payload capacity, reach, and speed need to be evaluated to ensure that the robot can
effectively handle the intended tasks. Another vital consideration is the robot's flexibility and adaptability. As
industries evolve and production needs change, it is essential to select a robot that can be easily reprogrammed or
reconfigured to accommodate new processes or tasks. The ease of programming, user-friendly interfaces, and
compatibility with existing automation systems should be evaluated to determine the robot's suitability for long-
term use. Safety is also a paramount concern when selecting an industrial robot. The robot's design and features,
such as collision detection sensors, emergency stop systems, and protective barriers, must comply with established
safety standards to prevent accidents and ensure the well-being of human operators working alongside the robot.
Furthermore, the total cost of ownership (TCO) should be carefully assessed. Apart from the initial purchase cost,
factors such as maintenance requirements, spare parts availability, energy consumption, and the robot's expected
lifespan should be considered to evaluate the long-term economic viability of the chosen robot. In conclusion,
selecting the optimal industrial robot is a crucial decision that can significantly impact the efficiency, productivity,
and profitability of manufacturing processes. By considering factors such as application requirements, flexibility,
safety, and total cost of ownership, organizations can make informed choices that align with their unique needs
and goals. A well-selected industrial robot can empower businesses to stay competitive in the rapidly evolving
landscape of industrial automation.

2. MATERIALS AND METHODS

Grey relational analysis (GRA) is recommended as a tool to utilise a number of criteria achievement plan, which
is employed for choosing remedies from a finite set of choices, in the context of fuzzy multiple factors model
(26). In order to choose an ERP package, investigators have used a variety of methods. We believe that this study
is the first that combines the IFS and GRA approaches to choosing an ERP system. (27), the proposed method is
only used for personnel selection. GRA. Deng (1982) first put forth the concept of the grey system. By integrating
all of the operational attributes that are taken into account for all possibilities into one value, GRA is able to solve
the issues related to MCDM. As a result, the original issue is reduced to a taking decisions issue involving a single
attribute. Consequently, options with (28). In the process of identifying the best option after DM evaluations,
GRA benefits. The fuzzing steps of the procedure require assessment of DMs with hesitancy and uncertainty. The
purpose of this study aims to propose a comprehensive MCDM approach that utilises IFS and GRA for the
selection of green vendors in light of the data that was provided (29). The multi-attribute decision-making
(MADM) approach is presented as a modified grey analysis of relationships. A new logarithmic standardisation
method is used for data preparatory processing or normalisation to address the weakness of the GRA method
indicated in Section 2. Each of the M-GRA steps for resolving problems involving multiple attributes during
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choice-making (30). The GRA can be used to resolve issues involving intricate connections between many
possible solutions and characteristics. The GRA technique has been extensively used to address uncertainty issues
arising from separate data and incomplete knowledge. The optimal accessibility network is obtained using the
GRA method, and the proportional importance of the requirements for various services are determined using the
AHP method (32).Through the optimisation of grey relational grades, grey relational analysis (GRA), which has
been shown to be into effect for dealing about poor, unfinished; and uncertain facts, can be used to handle a variety
of inexact shortcomings that includes a variety of requirements and goals (33).Grey Relational Analysis (GRA)
is a subset of Grey Although it Theory, which is appropriate for complicated interactions between numerous
variables and contributing factors in making choices. Although GRA has been successfully used in network
selection processes through, rank the reverse phenomenon still affects it (35). Another GRA technique that draws
attribute value data using PFN, unidentified attribute pounds data, and builds a MADM approach to handle
information conflict under PF conditions is presented. presented a longer version of the linguistic PF Topis
methods before addressing the issues in a company's resource planning system. for choosing and evaluating
sustainable suppliers (36). The procedure for choosing suppliers has been the subject of numerous attempts to use
grey relational analysis (GRA), which relies on grey theory of systems. The disadvantage is that the GRA's choice
of supplier’s simulation only takes into account the whitening principles of the grey number. Dealing with the
characteristics of quality is challenging (37). Two sections of the literature have been reviewed. The first review
addresses the current models that can be used to choose a supplier. The second part discusses various MCDM
programmes for AHP and GRA (38). The previously discussed fuzzy readily apparent MADM issues cannot be
resolved using the traditional GRA methods because there is inadequate pounds information. How to identify
substantial items using data that is difficult to assign weight to and provided fuzzily easily understood (39). When
performing an assessment of choosing suppliers, the GRA method is used to combine both quantitative and
qualitative data while taking into account its "large-is-better” or “smaller-is-better” properties. It has been
proposed for automatically performing the analysis of mathematics and get the results using an Excel programme
called AHP-GRA model. Finally, a real-world example of a Taiwanese a notebook computer producer is given to
highlight the viability of this integrated scheme (41). Grey relational analysis (GRA), which is a crucial
component, can only reflect the trend that exists between a possible substitute and the perfect alternative. Several
GRA steps have been amended altered to address this issue, including the normalised formula and the
simultaneous consideration of both ideal and non-ideal alternatives (42). The study's enhanced GRA method is a
potent tool for making decisions when dealing with unpredictability because it uses numbers that represent
intervals. The fact that the enhanced GRA allows for distinct gathering and subsequent integration of expert
opinions gives it an edge over other ways of making decisions. Comparatively to other models utilising, this makes
our suggested model more flexible (46).

3. RESULTS AND DISCUSSIONS

TABLE 1. Industrial Robot Selection

Robot load maximum | memory | manipulator repeatability purchase
capacity | tip speed | capacity | reach (MR) (RE) cost (PC)
(LOC) (MTS) (MC)
Robot Selection 1 60.0 2540.0 500 990 0.421 77.0
Robot Selection 2 6.4 1016.0 3000 1041 0.151 8.2
Robot Selection 3 6.8 1727.2 1500 1676 0.121 9.5
Robot Selection 4 10.0 1000.0 2000 965 0.224 14.8
Robot Selection 5 25 560.0 500 915 0.142 5.6
Robot Selection 6 4.5 1016.0 350 508 0.084 7.1
Robot Selection 7 3.0 1778.0 1000 920 0.124 7.4

Table 1. shows the Alternative parameters: Robot Selection 1, Robot Selection 2, Robot Selection 3, Robot
Selection 4, Robot Selection 5, Robot Selection 6, Robot Selection 7. Evaluation parameters: load capacity (LC),
maximum tip speed (MTS), memory capacity (MC), manipulator reach (MR), repeatability (RE), purchase cost
(PC).
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Figure 1 shows the graphical representation in load capacity (LC) it is seen that Robot Selection 4 is showing the
highest value for Robot Selection 5 is showing the lowest value. maximum tip speed (MTS) it is seen that Robot
Selection 1 is showing the highest value for Robot Selection5 is showing the lowest value. memory capacity (MC)
it is seen that Robot Selection 2 is showing the highest value for Robot Selection 6 is showing the lowest value.
manipulator reach (MR) it is seen that Robot Selection 3 is showing the highest value for Robot Selection 6 is
showing the lowest value. repeatability (RE) it is seen that Robot Selection 4 is showing the highest value for
Robot Selection 6 is showing the lowest value. purchase cost (PC) it is seen that Robot Selection 4 is showing the
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FIGURE 1.

highest value for Robot Selection5 is showing the lowest value.
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TABLE 2. Deviation Sequence

R6

Deviation sequence
0 0 0.83333 | 04093 |1 1
53.894 | 0.6 0 0.3789 | 0.198813 0.036
53.887 | 0.32 05 0 0.109792 0.055
53.833 | 0.606 | 0.33333 | 0.4242 | 0.41543 0.129
53.958 | 0.78 | 0.83333 | 0.4541 | 0.172107 0
53.925 | 0.6 0.88333 | 0.6969 | O 0.021
53.95 0.3 0.66667 | 0.4511 | 0.118694 0.025

Table 2 shows the Normalized data for Alternative parameters: Robot Selection 1, Robot Selection 2, Robot
Selection 3, Robot Selection 4, Robot Selection 5, Robot Selection 6,Robot Selection 7. Evaluation parameters:
load capacity (LC), maximum tip speed (MTS), memory capacity (MC), manipulator reach (MR), repeatability

(RE), purchase cost (PC) it is also the Normalized value.
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Table 3 shows the Deviation sequence for Alternative parameters: Robot Selection 1, Robot Selection 2, Robot
Selection 3, Robot Selection 4, Robot Selection 5, Robot Selection 6,Robot Selection 7. Evaluation parameters:
load capacity (LC), maximum tip speed (MTS), memory capacity (MC), manipulator reach (MR), repeatability
(RE), purchase cost (PC) it is also the Maximum or Deviation sequence value.

TABLE 3. Grey Relation Coefficient
Grey relation coefficient
1 1 0.346405 | 0.459843
0.333598 | 0.393795 | 1 0.479081
0.333629 | 0.549146 | 0.469027 | 1
0.333849 | 0.391304 | 0.569892 | 0.450965
0.333333 | 0.333333 | 0.346405 | 0.434201
0.333471 | 0.393795 | 0.333333 | 0.333333
0.333368 | 0.565068 | 0.398496 | 0.435821

The given table represents the grey relation coefficients for different robot selections. Each row corresponds to a
specific robot selection, and each column represents a different factor or criterion. The values in the table indicate
the degree of similarity or relation between each robot selection and the factors.

Robot Selection 1:
o High similarity with itself (coefficient = 1)
e Moderate similarity with the third factor (coefficient = 0.346405)
e Moderate similarity with the fourth factor (coefficient = 0.459843)

Robot Selection 2:

e Moderate similarity with the first factor (coefficient = 0.333598)
Moderate similarity with the second factor (coefficient = 0.393795)
o High similarity with itself (coefficient = 1)

e  Moderate similarity with the fourth factor (coefficient = 0.479081)

Robot Selection 3:
e Moderate similarity with the first factor (coefficient = 0.333629)
e Moderate similarity with the second factor (coefficient = 0.549146)
e  Moderate similarity with the third factor (coefficient = 0.469027)
o High similarity with itself (coefficient = 1)

Robot Selection 4:
e  Moderate similarity with the first factor (coefficient = 0.333849)
e Moderate similarity with the second factor (coefficient = 0.391304)
e Moderate similarity with the third factor (coefficient = 0.569892)
e Moderate similarity with the fourth factor (coefficient = 0.450965)

Robot Selection 5:
e High similarity with itself (coefficient = 1)
e High similarity with the third factor (coefficient = 0.346405)
e  Moderate similarity with the fourth factor (coefficient = 0.434201)

Robot Selection 6:
e  Moderate similarity with the first factor (coefficient = 0.333471)
e Moderate similarity with the second factor (coefficient = 0.393795)
e High similarity with the fourth factor (coefficient = 0.333333)
e High similarity with itself (coefficient = 1)

Robot Selection 7:
e Moderate similarity with the first factor (coefficient = 0.333368)
e Moderate similarity with the second factor (coefficient = 0.565068)
e Moderate similarity with the third factor (coefficient = 0.398496)
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e Moderate similarity with the fourth factor (coefficient = 0.435821)

These coefficients indicate the relative performance or compatibility of each robot selection with the given factors.
Higher coefficients signify a higher degree of similarity or relation to the corresponding factor.
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FIGURE 3. Grey Relation Coefficient
TABLE 4. GRG & Rank

GRG Rank
Robot Selection1 0.701562 1
Robot Selection2 0.551618 3
Robot Selection3 0.58795 2
Robot Selection4 0.436503 4
Robot Selection5 0.361818 6
Robot Selection6 0.348483 7
Robot Selection7 0.433188 5

The table lists seven different robot selections, each with their corresponding GRG (Global Rank Gain) and Rank
values. The robot selections are ranked based on their GRG values, with Robot Selection 1 having the highest
GRG value 0f 0.701562, followed by Robot Selection 3 with a GRG value of 0.58795. Robot Selection 2 is ranked
third with a GRG value of 0.551618, and Robot Selection 4 is ranked fourth with a GRG value of 0.436503. The
remaining robot selections have lower GRG values. Robot Selection 7 has a GRG value of 0.433188, placing it
in the fifth rank. Robot Selection 5 has a GRG value of 0.361818, which ranks it sixth. Finally, Robot Selection
6 has the lowest GRG value of 0.348483 and is ranked seventh. In summary, Robot Selection 1 has the highest
rank and the highest GRG value, while Robot Selection 6 has the lowest rank and the lowest GRG value.

GRG
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0.7
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0.4
03
0.2
0.1
0
1 2 3 4 5 6 7
FIGURE 4. GRG
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Figure 5 shows the Robot Selection 1 (0.701562), Robot Selection 2 (0.551618), Robot Selection 3 (0.58795),
Robot Selection 4 (0.436503), Robot Selection 5 (0.361818), Robot Selection 6 (0.348483), Robot Selection 7
(0.433188).

RANK
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o

0.5 1 1.5
FIGURE 5. Rank
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Figure 5 shows that Robot Selection 1 are in first place, Robot Selection 2 in third place, Robot Selection 3 in the
second place, Robot Selection 4 in fourth place, Robot Selection 6 in sixth place, Robot Selection 7 in seventh
place and Robot Selection 5 in fifth place. The final decision is made using the GRA method.

4. CONCLUSION

In conclusion, the selection of an optimal industrial robot is a crucial task that can greatly impact the efficiency,

productivity, and overall success of manufacturing processes. The application of the Grey Relational Analysis
(GRA) method in robot selection provides a systematic and effective approach to evaluate and rank the
performance of different robot options based on multiple criteria. The GRA method allows decision-makers to
consider various factors simultaneously and objectively, taking into account both quantitative and qualitative
criteria. By assigning appropriate weights to each criterion and calculating the grey relational grade, the GRA
method facilitates the identification of the most suitable industrial robot option for a specific application. Through
the GRA method, organizations can effectively assess the performance of industrial robots based on criteria such
as payload capacity, reach, speed, flexibility, safety features, maintenance requirements, and cost. These criteria
play a vital role in determining the overall suitability and value of a robot for the intended application. The GRA
method not only considers the individual performance of each criterion but also captures the interrelationships
and interactions among them. This holistic approach enables decision-makers to gain a comprehensive
understanding of how different robots perform relative to each other and how they align with the specific
requirements of the application. Moreover, the GRA method allows decision-makers to rank the robot options
based on their grey relational grades. This ranking provides valuable insights into which robot options are the
most promising and deserving of further consideration. It enables decision-makers to make informed choices,
selecting the industrial robot that offers the best overall performance and value for the specific application. It is
worth noting that the GRA method is not a standalone solution but rather a tool to support decision-making. It
should be used in conjunction with other evaluation methods, expert knowledge, and practical considerations. The
GRA method provides a structured framework and quantitative analysis, but it should be complemented with
qualitative assessments and real-world validation to ensure the selected robot can effectively meet the unique
needs of the application. In conclusion, the application of the GRA method in industrial robot selection offers a
systematic and objective approach to evaluate and rank different robot options based on multiple criteria. By
considering various performance factors and their interrelationships, decision-makers can identify the most
suitable robot option for a specific application. The GRA method empowers organizations to make informed
decisions, ultimately leading to the selection of an optimal industrial robot that enhances productivity, efficiency,
and overall success in manufacturing processes.
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