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Abstract: Moisture strongly affects the quality and mechanical specificity of carbon fiber reinforced
plastic (CFRP) when using lubrication fluids during machining, and the significant impact of the
cutting tool geometry and cryogenic gas cooling on CFRP machining capabilities are observed.
The main body of this paper aims at making decisions about the optimum parameter of the drilling
process while machining on CFRP base on the grey relational coefficient embed to the technique
for order of preference by similarity to an ideal solution (Grey-TOPSIS). The entropy method was
used to determine the weight of decision-making for handling a multiple measure decision-making
response. The twist angle of the tool drill, lubrication, and feed rate were used as the input variables,
and were analyzed while taking into account several multi-response outputs, such as the surface
roughness, uncut fiber, and delamination. The result showed that a feed rate of 228 mm/min, the
high-helix twist angle, and cryogenic CO2 lubrication leads the calculated value to close the relative
value, which minimizes the value of the surface roughness, the uncut fiber, and the delamination.
Finally, verification of the valid effect of each parameter process was conducted using analysis of
variance. The results indicated that the lubrication was the highest remarkable criterion on the uncut
fiber, the delamination, and the surface roughness. By integrating the advantage of grey systems
theory, and the technique for order preference by similarity to an ideal solution, to evaluate and
optimize the machining parameter, the results indicate that the proposed model is useful to facilitate
the multi-criteria decision-making problem under the environment of uncertainty and vagueness.
This relatively advanced approach is very effectual in rejecting process variation and a great assistive
strategy than other multi-criteria decision-making approaches.
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1. Introduction

In the aerospace and vehicle transport industries, the carbon fiber reinforced polymers are being
increasingly researched and more widely developed in many applications due to their strength,
hardness, and high fatigue resistance [1]. Carbon fiber reinforced plastic (CFRP) drilling machining
technology has been widely developed, and includes methods such as the traditional drilling technique,
the fiber laser drilling technique [2], and the abrasive water-jet drilling technique [3]. The traditional
drilling method is simple, saves money, and achieves a certain efficiency. The input factors that affect
product quality, as well as ensure the output evaluation criteria of the processing process, were invested
and studied. In addition to the accuracy of the bore diameter tolerances and the surface roughness of
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the hole, the peripheral geometry, such as uncut fiber and the delamination, was also emphasized.
The influence of the drill geometry under the action of thrust force causes the delamination to indicate
that the thrust force is distributed toward the boundary of the drill in place of being located at the
centerline. The feed rate can also be increased without affecting on the delamination [4]. The use
of a multi-facet drill can help to release the delamination and improve the quality of the surface [5].
Soaked experiments with different machining fluids, such as Hocut 795B, Hocut GR3000, Cindolube
V30ML, and Metalina B800 were used at a temperature of 60 ◦C. The adhesive strength and beam shear
test were applied to verify the mechanical debasement of the sample. The lowest prejudicial effect on
the mechanical properties and non-hygroscopic properties of the specimen test were found when used
with Cindolube V30ML [6]. The fracture toughness of a concrete/CFRP bonded test was reduced to
62.8% after exposed to water at 23 ◦C and 50 ◦C for 8 weeks [7]. The load deflection relationship of
CFRP-bond wood test is decreased from 57.53 kN to 33.15 kN when the time of humidity exposure of
the sample is increased from 0 to 8 weeks [8]. The benefit of cryogenic combined minimum lubrication
is that it has the ability to ameliorate the tool life, and the surface roughness, compared with the regular
coolant method. The experiment was observed at a cutting speed of 100 m/min [9,10]. From the above,
in this study, the new characteristic concept of the tool drill geometry is the twist angle of the cutting
edge, namely, the twist angle of the drill blade on the quality of the drill hole, which was chosen as the
survey input factor. At the same time, cryogenic CO2 is also investigated as another input parameter
of the drilling process.

With the advanced quality machining, studies about CFRP machining have studied the parameter
process, and improvement by compounding hybrid material. With the aim of achieving quality
parameters for the tool wear, thrust force, and torque, the Nelder–Mead and genetic algorithm were
applied to optimize the input parameters of the coir fiber-reinforced composites drilling process, such
as drill diameter, spindle speed, and feed rate [11]. A full factorial experiments design was applied
to quantify the geometrical parameters of the drill tool, such as helicoidal, brad center, step, and
reamer. The use of the response surface methodology generates the optimum response output of the
torque, the delamination, and the thrust force [12]. The combination of the multi-response optimization
method with principal component analysis (PCA), and the Taguchi base on fuzzy inference system
(FIS), has been proposed to evaluate the suitable parameter settings in direction of the optimization of
the delamination, thrust force, and torque factor in the CFRP drilling process [13]. Recently, many
handling techniques, such as Response Surface Methodology [14], the Genetic Algorithm [14], Particle
Swarm Optimization (PSO) [15–18], and Neural Networks [15,19,20] have developed to optimize
machining parameters that are time consuming and require a coding system to resolve multi-criteria
decision-making (MCDM) problems.

Grey relational analysis (GRA) was conducted to optimize the multi-input factors for performing
the best response of output factors [21–23]. GRA is a section in the grey system first deduced [24,25],
which is an advantageous technique to deal with poor-quality, deficient, and dim data [26] that is
nominated for grey data. The GRA was further improved with the extension of fuzzy logic theory into
the system with more quantities of variables to achieve a more advantageous response output [27–29].
The technique for order of preference by similarity to an ideal solution (TOPSIS) method is a simple and
efficient way to solve processes using MCDM [30,31]. In general, it is not easy to produce the ultimate
solution to a problem in real-time. Thus, TOPSIS method is available with two different classes of the
ultimate decision based on the strongest or weakest response of the option correlated with various
measures. The classify-based approach [32] is studied to choose the strongest and weakest response,
as short as possible, from and to the ultimate decision. The TOPSIS method expects the probable
input data for resolving multiple criteria problems. The weight ratio determination helps to give exact
correlated output responses in real-time problems [33,34]. The benefits of TOPSIS come from it being
simple and understandable, and applying deftly computation techniques [35]. Previous studies usually
only assessed the weight and percentage contribution of the input factors. However, the weight of
the output factors plays a very important role in attribute group decision-making. Determining and
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measuring the weight of decision-making is an interesting study field. The goal of this study was to
propose a novel approach to determine the optimal parameter of the CFRP drilling process, as shown
in Figure 1, in which an extended TOPSIS technique, based on the grey coefficient with the contribution
of the entropy weights, is presented.

Figure 1. Marking diagram of carbon fiber reinforced plastic (CFRP) drilling process parameter election.

The remaining part of this study was presented as follows: Section 2 gives the material and
method. The design of the experiment included the selection of the material characteristic, the
specification of the drilling tool, the design of the parameter process, and measurement process.
The grey relational coefficient embed to the technique for order of preference by similarity to an ideal
solution (Grey-TOPSIS) algorithm was also described. Then, the analysis and discussion was shown
in Section 3. The proposed method of applying the data results from the experiment was performed
and the optimal results are analyzed and discussed. In Section 4, a confirmation test was suggested to
validate the benefits of the proposed method. Section 5 presents the conclusion.

2. Material and Method

2.1. Workpiece Details

A CFRP composite, with a size of 95 mm square and a thickness of 5 mm, was employed as
workpiece material in this study. The workpiece was made by laminating prepreg many layers.
The thickness of each layer is 0.18 mm. The orient fiber is 0 degrees and 90 degrees. The specification
of the material was given in Table 1.

Table 1. Specifications of the workpiece materials.

Property Carbon Fiber Reinforced Plastic (CFRP)

Density 1490 kg/m3

Thickness 5 mm
Tensile strength 3950 MPa

Flexural modulus 99 GPa
Tensile modulus 238 GPa

2.2. Drilling Tool

The drilling tool was proposed with three different twist angles, as shown in Table 2, and was
made of a premium high-performance diamond-coated carbide, which was chosen such as a special
tool material for CFRP machining. Its geometry is illustrated in Figure 2.



Appl. Sci. 2020, 10, 7207 4 of 18

Table 2. Specification of the tool.

Characteristic Triple Low Helix High Helix

Tip angle (Degree) 120 120 120
Helix angle (Degree) 0 5 40

Coating Diamond Diamond Diamond
Diameter (Inches) 1/8 1/8 1/8

Figure 2. The geometry of the tool.

2.3. Design of Experiment

The drilling process was performed on Litz Hitech TV-600 Tap and Drill computer numerical
control (CNC) machine (Litz Hitech Corp., Taichung City, Taiwan) with a two line system consisting of
air and cryogenic gas. The spray pressure system was adjusted by a regular valve and was observed
by an airflow monitor. The injection nozzle was located 45 degrees vertical to the drilling tool.
The tool diameter was three times bigger than the workpiece thickness. Thus, the drilling method was
programed in the form of a counter-bore drilling cycle. Based on the reference standard of the cutting
tool supplier, the spindle speed was set at 6100 rpm. Three levels of the feed rate were proposed at
228 mm/min, 589 mm/min, and 1006 mm/min, respectively. The three difference lubrication modes
were set by cryogenic CO2, dry air, and no lubrication (dry mode) with the pressure set at 1.5 bar.
The experimental system is illustrated in Figure 3.

Figure 3. The drilling process system (a) 1. Litz Hitech TV-600 Tap and Drill computer numerical
control (CNC) machine; 2. Dynamometer; 3. Thermal camera; 4. Air nozzle; 5. Fixture; (b) 1. Computer;
2. Data Acquisition Device (DAQ); 3. Camera; 4–5. Cryogenic Gas; 6. Air flow meter; 7. Air regulator;
8. Gas regulator.

The cutting parameters were designed using the orthogonal array method with three different
levels for each parameter. The details are presented in Table 3.
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Table 3. Parameter of drilling process.

Parameter
Level

1 2 3

Spindle speed (S) (rpm) 6100
Feed rate (F) (mm/min) 228 589 1006
Twist angle (T) (Type) Triple Low helix High helix

Lubrication (L) Dry mode Dry air CO2

The surface roughness (Ra), the uncut fiber (Uc), and the delamination (DL) were used to evaluate
the quality of the hole. Measuring equipment (VK-X200, Keyence, Osaka, Japan) was used to verify
the surface roughness. Microscope equipment (MF-A2017D, Mitutoyo, Sakado, Japan) was used to
measure the uncut fiber and the delamination of the hole [36]. The uncut fiber area and the delamination
are shown in Figure 4.

Figure 4. (a) The delamination and (b) the uncut fiber area.

The delamination is computed from the ratio of Dmax with Dnom of the hole by Equation (1).

Fd =
Dmax

Dnom
, (1)

where Dmax is calculated by double distance from the center of the nominal hole to the furthest point
extension, the nominal diameter (Dnom), and the tool diameter are similar.

The uncut fiber area was computed from the section of the fiber that has not been cut by Equation (2).

AUC = Anom −Aex, (2)

where Anom is the circle area with the diameter of the tool drill. Aex is the area of the surface without
areas of uncut fiber.

2.4. Grey Relational Analysis (GRA)

GRA [24] is one of the progressive methods for optimizing process parameters, especially when
dealing with ambiguous input parameters. It is used to alter responses from multiple targets to single
targets using fuzzy social surveys. The dark test, which is based on the unpredictability of the tests,
is shaped into an evaluation method to solve obvious structural problems that are jamming with
fragmented information. This dark inspection arrangement is divided into two parts. The relative
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data that are entirely known are contained in the white frame, and the relatively obscured data are
contained in the black frame.

The quality response targets of the drilling process were the surface roughness, the uncut fiber,
and the delamination. The machining parameters, such as cryogenic lubrication, feed rate, and twist
angle were used to analyze to minimize the effects of response on bore quality. The grey analysis was
grouped into two phases regarding the accompanying progress recorded below. The fundamental
ability of GRA standardization for test values in the range 0 to 1 is known as grey relational information.

The surface roughness, uncut fiber, delamination responses were considered “lower is better”.
The normalized value could be expressed as follows:

x∗i (a) =
maxx0

i
(a) − x0

i
(a)

maxx0
i
(a) −minx0

i
(a)

, (3)

where i = 1, . . . , m. m is the number of experimental data items. a = 1, . . . , n. n is the number of
parameters. x0

i
(a) denote the original sequence, x∗

i
(a) is the sequence after the data pre-processing.

maxx0
i
(a) is the largest value of x0

i
(a), minx0

i
(a) is the smallest value of x0

i
(a).

The grey relational coefficient (GRC) was estimated for Ra, Uc, DL as follows:

ζ(a) =
∆min + ξ∆max

∆0i(k) + ξ∆max
, (4)

with
∆0i = ||x

∗
0(a) − x∗i (a)||, (5)

∆min = min
∀ j∈i

min
∀k
||x∗0(a) − x∗j(a)||, (6)

∆max = max
∀ j∈i

max
∀k
||x∗0(a) − x∗j(a)||, (7)

where x∗0(a) and x∗
i
(a) denote the reference sequence and the comparability sequence, respectively. ∆0i

is the deviation sequence of the x∗0(a) and x∗
i
(a). ξ is the distinguishing coefficient, ξ ✆[0, 1]. Normally,

ξ is general set at 0.5.
The grey relational grade (GRG) was calculated by averaging the corresponding GRCs.

γi =
1
n

n
∑

k=1

ζi(a) (8)

However, in a real engineering system, the importance of various factors to the system varies.
In the real condition of unequal weight being carried by the various factors, the grey relational grade
in Equation (8) was extended and defined as:

γi =
1
n

n
∑

k=1

waζi(a), (9)

where wa is norm weight of factor a. Given
∑n

k=1 wa = 1 and with same weights, Equations (8) and (9)
are equal [37,38].

2.5. TOPSIS Methods

The classification diagram of the TOPSIS method was given in Figure 5.
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Figure 5. The classify diagram of the technique for order of preference by similarity to an ideal solution
(TOPSIS) method.

For a multi-attribute decision-making (MADM) issue, theorize each alternative is measured with
particular to the n attributes, whose values institute a decision matrix [32].

X = (xuv)mxn =
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, (10)

The technique for order of preference by similarity to an ideal process was shown as follows [32]:

Step 1: present the decision matrix.

In general, the attribute consists of benefits attribute and cost attribute. In order to meet all
characteristics in dimensionless units and allow for easier comparisons between each inter-attribute,
the following formulas are used to normalize each attribute value xuv in decision matrix X = (xuv)mxn

into a correlate factor guv in a normalized decision matrix given by:

G = (guv)mxn =


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


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

, (11)

where
guv =

xuv
√

∑m
u=1(guv)

2
, for benefit attribute xuv, u ∈ {1, 2 . . .m}, v ∈ {1, 2 . . . n} (12)

and
guv = 1−

xuv
√

∑m
u=1(guv)

2
, for cos t attribute xuv, u ∈ {1, 2 . . .m}, v ∈ {1, 2 . . . n} (13)

Step 2: compute the weighted normalized decision matrix.

The entropy method is one of the advanced methods used to determine uncertain information
formulated using probability theory [39]. To determine the entropy weights, the entropy value, denoted
as Ev, is first computed according to the following equations:

Ev = −

∑m
u=1 puv ln(puv)

ln(m)
, u ∈ {1, 2 . . .m}, v ∈ {1, 2 . . . n} (14)



Appl. Sci. 2020, 10, 7207 8 of 18

where
puv =

guv
∑m

u = 1 guv

, and m is the quantity of alternatives (15)

Therefore, the degree of deviation (dv) of the mean native information given by the correlates,
with assignment ratings on point of reference pv can be defined as:

dv = 1− Ev, v ∈ {1, 2 . . . n} (16)

The value of dv deputize the natural contrast intensity of pv, and the entropy weight of vth is:

wv =
dv

∑n
v=1 dv

, v ∈ {1, 2 . . . n} (17)

The weighted normalized decision matrix is given as

Y = (wvpuv)m×n =
[

w1 w2 · · · wn

]T
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
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



, (18)

Step 3: compute the positive and negative ideal solutions.

The positive ideal solution D+ and negative ideal solution D− are computed as follows:

D+ =
{

y+1 , y+2 , . . . , y+u
}

,y+v = max
1≤u≤m

{

yuv
}

, v ∈ N (19)

D− =
{

y−1 , y−2 , . . . , y−u
}

,y−v = min
1≤u≤m

{

yuv
}

, v ∈ N (20)

Step 4: compute the distance from positive ideal solution (PIS) and negative ideal position (NIS) based
on the Euclidean distance.

The division of each alternative forms the PIS F+
u as follows

F+
u =

√

∑n

v=1

(

yuv − y+v
)2

, u ∈ {1, 2 . . .m} (21)

The division of each alternative forms the NIS F−u as follows

F−u =

√

∑n

v=1
(yuv − y−v )

2, u ∈ {1, 2 . . .m} (22)

where F+
u and F−u denote the distances of the uth alternative from PIS and NIS.

Step 5: compute the nearness coefficient to the ideal solutions.

The nearness coefficient of the uth alternative Du with correlation to the ideal solution is given as

Cu =
F−u

F+
u + F−u

, u ∈ {1, 2 . . .m} (23)

Step 6: the ranking order and evaluation.

The selection of alternatives can be classified by priority according to the descending order of Cu.
A larger Cu is a better choice.
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2.6. Grey–TOPSIS Study

The combination of multiple multi-criteria optimization methods help to simplify data processing,
time-saving, providing decision-makers with a more efficient way to choose the right criteria.
The decision-making model is developed to determine the laser beam micro-marking parameter
and the performance criteria, and the fuzzy TOPSIS is studied for selecting the best parametric
combination [40]. To evaluate the performance of three different drill bit types (High-speed steel (HSS),
Titanium Aluminum Nitride (TiAlN), and Titanium Nitride (TiN)), the machining parameters, such
as cutting speed and feed rate, are optimized with multiple performance characteristics as surface
roughness, circularity, and cylindricity using the multi-objective Taguchi technique and TOPSIS [41].
The TOPSIS and Analytic Hierarchy Process (TOPSIS–AHP) hybrid MCDM approach has simpler
calculations than the other traditional optimization methods, and reduces computational efforts.
Therefore, this optimization method can be applied to different conflicting responses in machining
situations [42]. In this study, the hybrid method was used to substitute the GRC into the TOPSIS
process to evaluate the distances between the data chain. The computational process is presented
in Figure 6.

Figure 6. Flow diagram of the optimization and evaluation.

The TOPSIS method is used to solve problems that require the concurrent optimization of a
particular part or feature. It separates the output responses into beneficial attribute and cost attribute.
The maximized beneficial attribute and minimized cost attribute effectuate the best solution. TOPSIS
solves out the positive best alternative and negative best alternative, which are used as references
for the optimal solution. The positive best alternative has the efficiency of maximizing the beneficial
attribute and minimizing the cost attribute. In the same way, the negative best alternative derogates the
beneficial attribute and increases the cost attribute. All of the potential alternatives are assimilated with
the positive best alternative and negative best alternative to figure out the alternative that is nearest to
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the positive best and furthest from negative best. The greatest alternative has the closest range from
positive best alternative and the furthest range from negative best alternative. In this case, the surface
roughness, uncut fiber, and delamination attributes were all considered beneficial attributes, in which
the smallest values were desired.

3. Analysis and Discussion

The GRA is conditioned by the data results, which was inducted out following the previous
step. First, based on the target of the response output, in this study, normalization was presented
according to the “smaller is better” approach. Second, divergence from the relation list was computed.
Next, the GRC of each experiment were computed. Finally, the mean value of the GRG for the
surface roughness, uncut fiber, and delamination were computed using Equations (3)–(9). The result is
illustrated in Table 4.

Table 4. Experiment measurement and grey relational analysis (GRA) result.

Exp.
no.

Parameter Input Measurement Output Grey Relation Coefficient
Grey Relation

Grade

L T F Uc
Surface

Roughness (Ra)
DL

Uncut
Fiber (Uc)

Ra
Delamination

(DL)
Grade Rank

1 4 1 228 0.157 14.83 1.25 0.6090 0.7916 0.4651 0.622 16

2 4 1 589 0.198 15.0968 1.27 0.5525 0.7489 0.4444 0.582 19

3 4 1 1006 0.167 15.4585 1.37 0.5942 0.6979 0.3636 0.552 24

4 4 2 228 0.4 15.8805 1.29 0.3794 0.6466 0.4255 0.484 25

5 4 2 589 0.454 15.7293 1.35 0.3499 0.6641 0.3774 0.464 26

6 4 2 1006 0.489 15.5545 1.42 0.3333 0.6855 0.3333 0.451 27

7 4 3 228 0.019 21.2694 1.12 0.9279 0.3333 0.6667 0.642 15

8 4 3 589 0.029 15.7477 1.21 0.8940 0.6619 0.5128 0.689 13

9 4 3 1006 0.043 19.3339 1.22 0.8504 0.4036 0.5000 0.584 17

10 5 1 228 0.215 14.3589 1.15 0.5321 0.8801 0.6061 0.673 14

11 5 1 589 0.372 14.7172 1.24 0.3966 0.8111 0.4762 0.561 22

12 5 1 1006 0.383 14.3898 1.29 0.3896 0.8737 0.4255 0.563 21

13 5 2 228 0.139 15.5424 1.29 0.6375 0.6871 0.4255 0.583 18

14 5 2 589 0.195 14.7791 1.34 0.5563 0.8003 0.3846 0.580 20

15 5 2 1006 0.228 15.8551 1.22 0.5175 0.6494 0.5000 0.556 23

16 5 3 228 0.009 14.9644 1.02 0.9645 0.7695 1.0000 0.911 2

17 5 3 589 0.012 16.381 1.16 0.9532 0.5947 0.5882 0.712 11

18 5 3 1006 0.013 14.6215 1.21 0.9495 0.8284 0.5128 0.763 9

19 6 1 228 0.09 13.8536 1.08 0.7309 1.0000 0.7692 0.833 5

20 6 1 589 0.138 14.4008 1.13 0.6392 0.8714 0.6452 0.719 10

21 6 1 1006 0.194 14.187 1.15 0.5576 0.9175 0.6061 0.694 12

22 6 2 228 0.057 14.7526 1.04 0.8109 0.8049 0.9091 0.842 4

23 6 2 589 0.07 14.8785 1.05 0.7774 0.7834 0.8696 0.810 6

24 6 2 1006 0.081 14.6091 1.07 0.7512 0.8307 0.8000 0.794 8

25 6 3 228 0 14.9567 1.02 1.0000 0.7707 1.0000 0.923 1

26 6 3 589 0 15.0381 1.03 1.0000 0.7579 0.9524 0.903 3

27 6 3 1006 0.011 16.4922 1.05 0.9569 0.5842 0.8696 0.803 7

The GRG with highest value was always yearned. It was presented that the drilling parameter
of the 25th experiment had the highest, with a grey relation grade of 0.923, as shown in Table 4 and
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illustrated in Figure 7. Thus, the 25th experiment had the best multi-response output among the
27 experiments.

Figure 7. The grey relational grade (GRG) of the experiments.

The GRG was used to express the rank of a correlation between the consultation series and
the referenced series. With the larger GRG, it means that the comparability series are significantly
correlated with the consultation series. The signal to noise (S/N) ratio analysis is used to specify the
optimal drilling parameter constraints for each attribute L, T, F, respectively. As the response value
for S/N ratios of GRG in Figure 8, the optimal combination of the drilling parameter was observed at
L3T3F1. Table 5 shows the response table for the means, which specify the delta value of the drilling
process parameter.

Figure 8. Main effects plot for the signal to noise (S/N) ratios.

Table 5. Main response table of the grey relational grade (GRG).

Level
Parameter

Lubrication Twist Angle Feed Rate

1 −5.072 −3.899 −2.999
2 −3.787 −4.417 −3.655
3 −1.827 −2.370 −4.032

The quality of the drill process was observed at the feed rate of 228 mm/min, high helix twist
angle, and cryogenic gas lubrication, respectively.

The first step of the TOPSIS method used in this study was to sort the attributes and alternatives
as the input parameters and response output of the experiment, which is transformed into the grey
relation coefficient by the GRA process, placed to the decision matrix X. Equations (10) and (11)
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were used to normalize the decision matrix X with matrix G. The benefit attribute and cost attribute
have a relationship that is computed by Equation (13). The value of the two attributes is inversely
proportional. When the value of the benefit attribute is increased, the value of the cost attribute is
decreased. Moreover, the amount of change is the same. Therefore, the benefit attribute was chosen for
analysis. In this paper, the entropy method was applied to specify the attribute weight using Equations
(14)–(17), respectively. The results are given in Table 6. Matrix Y was computed by Equation (18) with
attribute weight wv = [0.2799 0.0025 0.7176]T.

Table 6. Decision matrix [X], [G], [Y].

Alternative

Matrix X Matrix G Matrix Y=(wvpuv)m×n

GRC Attribute Attribute

Uc Ra DL Uc Ra DL Uc Ra DL

1 0.609 0.792 0.465 0.1621 0.2034 0.1392 0.17044 0.00200 0.33374
2 0.553 0.749 0.444 0.0813 0.1442 0.0591 0.15465 0.00189 0.31889
3 0.594 0.698 0.364 0.0940 0.1252 0.0396 0.16632 0.00176 0.26091
4 0.379 0.647 0.426 0.0383 0.1074 0.0542 0.10620 0.00163 0.30532
5 0.350 0.664 0.377 0.0326 0.1133 0.0426 0.09794 0.00168 0.27081
6 0.333 0.686 0.333 0.0296 0.1208 0.0333 0.09329 0.00173 0.23916
7 0.928 0.333 0.667 0.2292 0.0285 0.1330 0.25970 0.00084 0.47840
8 0.894 0.662 0.513 0.2128 0.1126 0.0787 0.25024 0.00167 0.36797
9 0.851 0.404 0.500 0.1926 0.0419 0.0748 0.23806 0.00102 0.35878

10 0.532 0.880 0.606 0.0754 0.1991 0.1100 0.14894 0.00222 0.43492
11 0.397 0.811 0.476 0.0419 0.1690 0.0679 0.11101 0.00205 0.34170
12 0.390 0.874 0.426 0.0404 0.1962 0.0542 0.10908 0.00221 0.30532
13 0.638 0.687 0.426 0.1082 0.1213 0.0542 0.15571 0.00202 0.27598
14 0.5563 0.8003 0.3846 0.0824 0.1646 0.0443 0.14482 0.00164 0.35878
15 0.5175 0.6494 0.5000 0.0713 0.1084 0.0748 0.26997 0.00194 0.71757
16 0.9645 0.7695 1.0000 0.2477 0.1522 0.2993 0.26684 0.00150 0.42207
17 0.9532 0.5947 0.5882 0.2420 0.0909 0.1036 0.26577 0.00209 0.36797
18 0.9495 0.8284 0.5128 0.2401 0.1764 0.0787 0.20461 0.00253 0.55195
19 0.7309 1.0000 0.7692 0.1423 0.2570 0.1771 0.17892 0.00220 0.46297
20 0.6392 0.8714 0.6452 0.1088 0.1951 0.1246 0.15608 0.00232 0.43492
21 0.5576 0.9175 0.6061 0.0828 0.2163 0.1100 0.22698 0.00203 0.65234
22 0.8109 0.8049 0.9091 0.1751 0.1665 0.2474 0.21763 0.00198 0.62400
23 0.7774 0.7834 0.8696 0.1610 0.1578 0.2263 0.21027 0.00210 0.57405
24 0.7512 0.8307 0.8000 0.1503 0.1773 0.1916 0.27991 0.00195 0.71757
25 1.0000 0.7707 1.0000 0.2663 0.1527 0.2993 0.27991 0.00191 0.68341
26 1.0000 0.7579 0.9524 0.2663 0.1476 0.2715 0.26784 0.00148 0.62400
27 0.9569 0.5842 0.8696 0.2438 0.0877 0.2263 0.15571 0.00202 0.27598

In the next step, the positive and negative ideal solutions were computed using Equations (19)
and (20). The closest alternative range from PIS and the furthest alternative range from NIS were
observed by Equations (21) and (22). The nearest coefficient is computed using Equation (23). The final
step was the selection of alternatives according to the value of Cu, in which the largest Cu was the best
choice. The resulting values are presented in Table 7.

According to the 27 experiments described above, the 25th experiment showed the highest
closeness coefficient, indicating that it was nearest to the ideal value. The optimal parameter was
determined to be (L3T3F1). Even so, the Taguchi technique was applied to great value, to find an even
more profitable experimental parameter that could locate areas outside the range of the experiment
domain. The result is shown in Table 8.
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Table 7. Nearness coefficient values and alternative ranking.

Experiment No F+
U

F−
U Cu Rank

1 0.3991 0.1221 0.2342 18
2 0.4179 0.1006 0.1940 21
3 0.4706 0.0762 0.1394 22
4 0.4473 0.0674 0.1310 25
5 0.4824 0.0320 0.0622 26
6 0.5135 0.0009 0.0017 27
7 0.2400 0.2914 0.5484 9
8 0.3509 0.2030 0.3666 15
9 0.3612 0.1878 0.3421 16

10 0.3115 0.2035 0.3951 13
11 0.4121 0.1041 0.2016 20
12 0.4462 0.0680 0.1323 24
13 0.4245 0.1078 0.2026 19
14 0.4587 0.0725 0.1364 23
15 0.3834 0.1302 0.2536 17
16 0.0100 0.5100 0.9809 2
17 0.2958 0.2521 0.4602 11
18 0.3499 0.2153 0.3809 14
19 0.1819 0.3320 0.6460 8
20 0.2739 0.2396 0.4666 10
21 0.3086 0.2056 0.3998 12
22 0.0840 0.4343 0.8379 4
23 0.1124 0.4044 0.7825 6
24 0.1595 0.3547 0.6898 7
25 0.0006 0.5135 0.9989 1
26 0.0342 0.4819 0.9338 3
27 0.0944 0.4226 0.8175 5

Table 8. Main response table of correlation to the ideal solution (Cu).

Level
Parameter

Lubrication Twist Angle Feed Rate

1 −18.250 −11.321 −6.992
2 −10.881 −16.334 −10.487
3 −3.069 −4.545 −14.721

Delta 15.180 11.789 7.729
Rank 1 2 3

The S/N ratio data and raw data provided the same optimal level by drawing the main effects
plot. The result is illustrated in Figure 9.
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Figure 9. The main effect plot for Mean and S/N ratios.

Analysis of variance (ANOVA) was applied to verify the essential level of the parameter input
influencing the multi–response output of the CFRP drilling process. The referred confidence and
significance level were 0.95 and 0.05, respectively.

As shown in Table 9, the lubrication, twist angle, and feed rate were remarkable factors, and
the interaction of the lubrication and twist angle also had significant value. The lubrication had the
highest contribution ratio at 52.88%. Therefore, the cryogenic gas had the most significant impact on
the quality of the drilling hole based on the preferred criterion output. The contribution ratio of the
twist angle and feed rate was at 26.10% and 8.43%, respectively. R squared was observed at 96.88%,
which means this linear regression model was suitable for the data set at 96.88%.

S R_sq R_sq(adj) PRESS R_sq(pred)

0.0959580 96.88% 89.87% 0.839074 64.51%

Table 9. Analysis of variance (ANOVA) result.

Source
Degree of
Freedom

(DF)

Sequential Sums
of Squares (Seq

SS)
Contribution

Adjusted Sum of
Squares (Adj SS)

Adjusted Mean
Squares (Adj MS)

F-Value P-Value

Lubrication 2 1.25028 52.88% 1.25028 0.625138 67.89 0.000
Twist Angle 2 0.61717 26.10% 0.61717 0.308583 33.51 0.000
Feed Rate 2 0.19939 8.43% 0.19939 0.099694 10.83 0.005

Lubrication*Twist Angle 4 0.14152 5.99% 0.14152 0.035381 3.84 0.050
Lubrication*Feed Rate 4 0.02900 1.23% 0.02900 0.007250 0.79 0.565
Twist angle*Feed Rate 4 0.05321 2.25% 0.05321 0.013303 1.44 0.304

Error 8 0.07366 3.12% 0.07366 0.009208
Total 26 2.36423 100.00%

4. Evaluation Test

After validating the best level of the drilling process parameter, a verification test was proposed to
authenticate the quality increase of the response output. The predicted optimal value was computed
using Equation (24).

ηpredict = ηtm +
t
∑

i=1

(ηi − ηtm) (24)

where
ηtm is the total mean value of response, ηi is the mean of the response at the best level, and it is the

number of parameter inputs. In this case study, it was equal to 3.
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In Table 10, the initial parameters from tool supplier were a feed rate of 589 mm/min, a high
helix twist angle, and normal conditions (dry mode). The optimal parameters, which were computed
by GRA and Grey-TOPSIS, had carried out the same value with a feed rate of 228 mm/min, a high
helix twist angle, and cryogenic lubrication (CO2 gas). However, the analyzed result showed that the
evaluation coefficient according to the Grey-TOPSIS method had greater improvement than that found
using GRA method. It was clear that the quality response of the CFRP drilling process is improved
using this proposed method.

Table 10. Initial, predicted, and compared evaluation test.

Initial Optimal Parameter

GRA Grey-TOPSIS

Prediction Experimental Prediction Experimental

Level L1, T3, F2 L3, T3, F1 L3, T3, F1 L3, T3, F1 L3, T3, F1

The Surface
Roughness

15.7477 14.9567 14.9567

The Uncut Fiber 0.03 0 0
The Delamination 1.21 1.02 1.02

Cu 0.3666 1 0.9989
GRG 0.689 0.95 0.92

Improvement 0.261 0.231 0.6334 0.6323

5. Conclusions

With a particular aspect of the CFRP composites machining technology, the lubrication and tool
geometry were investigated in many studies. Based on the experimental and processing data, the
lubrication cryogenic gas was the most remarkable attribute when observing quality criteria, such as
the surface roughness, the uncut fiber, and the delamination caused during the drilling process.

In this study, the TOPSIS optimization technique based on the GRC was proposed to validate the
optimal parameter process. The closest coefficient value was used to specify the greatest parameters to
achieve minimized surface roughness, uncut fiber, and delamination of the drilling hole. The optimal
result was detected by L3T3F1 (cryogenic CO2 lubrication, a high helix twist angle, feed rate of
228 mm/min) to obtain the greatest response, and a minimized surface roughness of 14.9567 µm, no
uncut fiber, and a delamination of 1.02 mm2. ANOVA was used to confirm the distribution impact of
the input parameters of the drilling process. The contributions of the lubrication, twist angle, and feed
rate were 52.88%, 26.1%, and 8.43%, respectively. The analyzed results could be used to achieve the
desired response quality under practical parameters in the drilling process.

The results indicate that the proposed model is useful to facilitate the MCDM problem under an
environment of uncertainty and vagueness. This relatively advanced approach is very effectual in
rejecting process variation, and is a great assistive strategy compared to other MCDM approaches.
Each response has been weighted and diminishes the versatility of the process of decision-making
(DM).

The productiveness of the method could reach further capacity, and could be applied with a large
quantity of multi-criteria inputs and response outputs. The experimental method could be enlarged to
other drilling parameter processes and evaluations. Furthermore, this optimization method could be
meaningfully and beneficially applied to other machining technologies.
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