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algorithms. The comparison revealed that the GWO algorithm performed better than
other algorithms. In addition, a validation test has been carried out to confirm the ac-
curacy of the results produced by the GWO. The images obtained from the scanning
electron microscope showed that the surfaces of the deep holes are smooth. Addition-

ally, the ploughing action was shown to be the principal mechanism responsible for

removing the material.

© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Abrasive Waterjet Machining works by directing high-
pressure water from a pump into an orifice in the cutting
head, where it is accelerated into a high-velocity jet. When
water flows through a mixing chamber, it creates a vacuum
that pulls abrasive particles into a focusing tube, which
combines to form an abrasive waterjet mixture [1]. The ma-
terial removal mechanism from the target material in AWM
by an erosion process. Material erosion occurs in two different
methods such as cutting and deformation [2]. The erosion
mechanism varies according to the workpiece material and its
properties. For ductile material, material removal occurs by
plastic deformation, whereas crack propagation and chipping
are applied for brittle materials [3,4]. AWJM offers numerous
benefits as compared to other modern manufacturing
methods, such as the ability to machine hard-to-cut materials
such as Inconel, monal, titanium, and steel, with the capacity
to generate contour profiles in workpiece thicknesses ranging
from 100 mm to 120 mm for steel and aluminium respectively.
Any 2-D profile can be cut with excellent precision. Heat is
absent due to no physical contact between the tool and the
workpiece material [5]. By recycling and reusing the abrasives,
AWJM becomes the most cost-effective, efficient, and
ecologically responsive [6].

Veerappan et al. [7] examined the effectiveness of nickel-
based superalloys using abrasive waterjet machining. Cut-
ting parameters like Waterjet Pressure (WP), Abrasive Mass
Flow Rate (AFR), Stand-off Distance (SoD), and Traverse Speed
(TS) were utilized as process variables to study surface integ-
rity and rate of material removal. The maximum material
removal and surface roughness were obtained at high water-
jet pressure and abrasive mass flow rate. Increasing the
abrasive flow rate increased the material removal rate and the
surface roughness. Bhandarkar et al. [8] indicated that
increased levels of traverse speed and low pressure were
beneficial settings for improved cut surface roughness. Begic
et al. [9] investigated the influence of AWJM input parameters
on the Surface Roughness (SR) of Aluminium. The results
showed that increasing material thickness leads to a larger
surface roughness value, particularly near the bottom region.

Singh et al. [10] examined the impact of AWJM parameters
such as WP, AFR, TS, and SoD on the Material Removal Rate
(MRR) and SR of austenitic stainless steel 304. According to the
study results, TS is the most significant parameter on MRR and
SR; however, stand-off distance was the minimum key
parameter in the outcomes. Loschnera et al. [11] exhibited an
evaluation of AWJM machining parameter responses in

reducing roughness in the straight-cut surface of AISI316l
with 10 mm thickness. The experiment results showed that
increasing the cutting speed while lowering the Kinetic Energy
(KE) of the abrasive particles resulted in noticeable roughness
in the bottom cut region. As a result, a slower cutting speed
prevents the abrasive waterjet from losing kinetic energy,
resulting in a superior surface cut quality. Karthik et al. [12]
explored the effects of WP, TF, and AFR on the MRR and kerf
width in stainless steel 304 using AWJM. The investigation
showed increased water pressure and feed rate values resul-
ted in higher material removal rates. Rao et al. [13] performed
abrasive waterjet machining of aluminium AL6061. This study
discovered that traverse speed had a stronger effect on sur-
face roughness, whereas WP was the utmost important factor
for MRR. Wang et al. [14] revealed the consequence of drilling
variables on the Depth of Cut (DoC) and SR in stainless steel
abrasive waterjet machining. The experiments were carried
out with variable WP, nozzle speed, SoD, and AFR. When the
water pressure was increased, the jet's KE increased, resulting
in a greater DoC. The higher AFR resulted in greater cutting
capabilities of the jet. Azmir et al. [15] experimental results
indicated that with the exception of abrasive size, increasing
the levels of process parameters led to an increase in the
workpiece's surface roughness. Higher mesh-size abrasives
produced reduced surface roughness, whereas smaller mesh-
size abrasives produced higher roughness while conducting
experiments on SS 304 using AWJM. Chen et al. carried out
abrasive waterjet cutting on steel EN 1.4306 with a thickness
of 20 mm. It was observed from the results that increased WP
increased the depth of the hardened layer and the maximum
surface hardness. SR at the cut entrance area is substantially
better than roughness in the lower cut finishing area,
regardless of waterjet pressure.

Kumar et al. [16] investigated the impacts of abrasive
waterjet drilling process variables on the Glass Fiber Rein-
forced Polymer (GFRP) kerf taper, namely WP, TS, and SoD.
The experiments were designed using the Taguchi technique,
and ANOVA examined the responses. According to the
experiment results, traverse speed and hydraulic pressure
were the main emerging factors on the kerf taper. Raja et al.
[17] experimented to enhance the drilling process for GFRP
composites. The experiment was designed using Taguchi, and
the ANOVA approach was used to examine the influence of
drilling settings on different GFRP specimens. The experiment
determined that increased spindle speed resulted in a large
reduction in thrust force, but as feed increased, the thrust
force and delamination also increased.

The traditional Taguchi approach has been widely used in
manufacturing to solve various optimization challenges. This
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Fig. 1 — Schematic layout of deep hole drilling experimentation and optimization.

strategy substantially improves when dealing with a single
variable but could be more effective when dealing with opti-
mization problems with several variables. As a result, TOPSIS,
satisfaction function method, grey rational analysis, utility
theory, and other methods for optimizing multiple responses
have been coupled with the Taguchi techniques [18,19]. The
optimization issues were overcome by building mathematical
models representing a link between input variables and
output responses. Scholars created and used various optimi-
zation techniques to solve such mathematical models,
including simulated annealing, particle swarm optimization,
and genetic algorithms [20,21].

Chohan et al. [22] applied a naked mole-rat algorithm
(NMRA) to optimize the process parameters for fused
filament fabrication. According to the study, the selected
algorithm yielded the best results in improving tensile
strength, impact strength, and flexural strength. Fuse et al.
[23] used fuzzy AHP and fuzzy TOPSIS methods to optimize
the Ti6Al4V alloy process parameters. The results of this
study proved that fuzzy logic was an effective technique to
optimize the machining parameters. Singh et al. [24] devel-
oped two different approaches, namely Generalized
Regression Neural Network (GRNN) and Gaussian Process
Regression (GPR) for blind hole machining parameter opti-
mization. This study reported that GPR yielded the best re-
sults for all responses compared to GRNN. Usca et al. [25]
developed a fuzzy interference model to predict the energy

Table 1 — Mechanical and chemical properties of SS AISI
316L [27].

Physical Chemical (in %)
Density - 8.03 (g/cm® Cr: 16—18%
Yield Strength - 205 (MPa) Ni: 10—14%
Tensile strength - 515 (MPa) Mo: 2.0%
Melting Point - 1370—1398 (°C) N: 0.10%
Specific Heat Capacity - 502 (j/kg-k) Fe: Bal.

conception during the machining of ceramic-based com-
posite. The developed model efficiently reduced by 20%
time, energy, and labour.

The studies mentioned above mostly concerned composite
and high-strength materials, including Inconel and titanium
alloys. There needs to be more experimental and multi-
objective optimization work on stainless steel material,
namely SS 316L, used in the automobile and medical in-
dustries. As a result, there is a scope for further research into
the importance of Abrasive Waterjet Drilling (AW]D) process
parameters in making high-quality holes in AWJD on SS AISI
316L. This research evaluated the AWJD parameters and their
impact on the MRR and RD. Furthermore, the AWJD parame-
ters are improved by utilizing the Grey Wolf Optimization al-
gorithm to enhance MRR while minimizing RD.

2. Material and methods
2.1. Selection of material

Recent advancements in component downsizing and minia-
turization have emphasized the demand for deep-hole drilling
with a high aspect ratio. The significance of this is evident in
the automotive sector, where it is employed for the manu-
facture of fuel injectors, as well as in the medical field, where
it is utilized for the production of bone screws and surgical
instruments. The Stainless steel SS AISI 316L material has
been selected for deep-hole drilling experimentation, which
finds applications in automobile fuel injector bodies. The
selected material possesses the following characteristics:
excellent durability, resistance to heat and corrosion, minimal
maintenance, hardness, and fabrication flexibility. Due to
their high alloying content, stainless steels are often more
difficult to manufacture. The key issues with traditional
Stainless Steel machining include excessive hardening, poor
chip formation, the use of numerous tools with varied tool
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Fig. 2 — Typical abrasive waterjet machine.

Table 2 — AWJD Process parameters and their levels for
Li¢ orthogonal array.

Parameters/Levels 1 2 3 4
Water Pressure (MPa) 260 310 335 360
Stand-off distance (mm) 1 1.5 2 2.5

Abrasive mass flow rate (kg/min.) 0.3 0.4 0.5 0.6

geometry, and a huge coolant supply while machining [26].
The schematic layout of deep hole drilling experimentation
and optimization is shown in Fig. 1.

SS AISI 316L of 100x100x135 mm is selected as the work-
piece material in this experimental work. Many studies have
shown the benefits of employing stainless steel in automotive,
medical, aerospace, and other industrial applications. Table 1
details the elemental composition of SS AISI 316L.

2.2.  Experimental setup

Deep hole drilling was carried out on the chosen material
using a Gantry waterjet machine tool outfitted with a high-

pressure intensifier pump powered by a 60 HP motor capable
of delivering an extreme water pressure of 400 MPa. The
garnet of size 80 mesh is considered for this study. The deep
holes are made through the piercing operation. The typical
AW]JM experimental setup is shown in Fig. 2. The drilling pa-
rameters and their levels are fixed based on pilot research
findings and previous literature [28—30]. The experiment's
input parameter levels and ranges are based on the AWJD
specifications and the optimal parametric range for SS 316L.
Based on the variable machining parameters, 16 test runs are
designed for the deep hole drill making using the Taguchi L4
orthogonal array presented in Table 2.

2.3. Measurement methods

This research study includes deep hole drilling features such
as piercing time, hole diameter, and roundness.

2.3.1. Piercing time

Two approaches were employed to record the time it took to
drill each deep hole during the deep hole-making process. The
first method employs a standard stopwatch, while the second

Fig. 3 — Measurement of drilled hole diameter.
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Fig. 4 — Representative image of deep hole diameters measured through VMM.

employs a system that records time. A CNC controller can set
the time at the start of the process. The time measurement
ambiguity was found to be 0.1s. Drilling time was calculated
until the jet pierced the target material's bottom side.

2.3.2. Geometrical studies of drilled holes

The measurement of entry and exit diameters of drilled holes
using a typical Video Measuring Machine (VMM) is shown in
Fig. 3 with a table size of 400 mm x 220 mm. The represen-
tative pictures of the entry and exit diameters of Hole no. 1, 5,
9, and 13 are depicted in Fig. 4.

2.3.3. Material removal rate
The material removal rate is estimated using the mathemat-
ical procedure shown in Equations (1) and (2).

MRR — % (1)

Table 3 — Drilling parameters and outcomes of AWJD.

SLNo. WP (MPa) SoD (mm) AFR MRR RD (mm)
(g/min.) (mm?>/min.)

L, 260 1 0.3 27.57 0.48
2. 260 1.5 0.4 30.33 0.41
3. 260 2 0.5 30.89 0.80
4. 260 2.5 0.6 26.66 1.07
5. 310 1 0.4 34.93 0.53
6. 310 1.5 0.3 36.37 0.63
7s 310 2 0.6 35.37 0.82
8. 310 2.5 0.5 34.19 1.20
9. 335 1 0.5 39.73 0.80
10. 335 1.5 0.6 37.40 0.70
11. 335 2 0.3 36.68 0.89
12. 335 2.5 0.4 36.78 0.93
13. 360 1 0.6 42.51 0.61
14. 360 1.5 0.5 58.23 0.59
15. 360 2 0.4 40.33 0.62
16. 360 2.5 0.3 42.25 0.80

VMR =1/ 37 Tentry? + [Fentry « Txit| + Texit? | ?)

Where MRR represents material removal rate, VMR refers to
the volume of the material removed during drilling. Tenay &
Texit - Yadius of entry and exit diameters of the drilled hole in
mm, h refers to the thickness of the material in mm, and T
refers to the time taken to drill each hole.

2.4. Experimental outcomes and examination

To perform the drilling tests on the selected SS AISI 316L
specimen, multiple combinations of process control settings
according to the L;¢ orthogonal array are configured on AWJD.
In addition, the values of MRR and RD are recorded based on
the procedure explained in the preceding section. The out-
comes of the research are presented in Table 3.

To establish the statistical significance of machining pa-
rameters, Minitab software was used to conduct an Analysis
of Variance (ANOVA) on the data presented in Tables 4 and 5.
The ANOVA findings show that MRR and RD models have P-
values below 0.05. As a result, all of the input factors consid-
ered in this study are statistically significant.

Table 4 — ANOVA for material removal rate.

Source DF AdjSS AdjMS F-Value P-Value
Regression 9 889.860 98.8734 17.25 0.001
WP 1 53.502 53.5020 9.34 0.022
SoD 1 12.149 12.1491 2.12 0.196
AFR 1 0.070 0.0696 0.01 0.916
WP*WP 1 83.575 83.5748 14.58 0.009
SoD*SoD 1 58.906 58.9056 10.28 0.018
AFR*AFR 1 47.679 47.6790 8.32 0.028
WP*SoD 1 10.643 10.6429 1.86 0.222
WP*AFR 1 6.429 6.4291 1.12 0.330
SoD*AFR 1 41.585 41.5845 7.26 0.036
Error 6 34.385 5.7308

Total 15 924.245
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Table 5 — ANOVA for roundness deviation.

Source DF AdjSS AdjMS F-Value P-Value
Regression 9 0.620202  0.068911 19.58 0.001
WP 1 0.075633  0.075633 21.49 0.004
SoD 1 0.004046  0.004046 1.15 0.325
AFR 1 0.008524  0.008524 242 0.171
WP*WP 1 0.070057  0.070057 19.91 0.004
SoD*SoD 1 0.071423  0.071423 20.30 0.004
AFR*AFR 1 0.000856  0.000856 0.24 0.639
WP*SoD 1 0.032240  0.032240 9.16 0.023
WP*AFR 1 0.007605  0.007605 2.16 0.192
SoD*AFR 1 0.001065  0.001065 0.30 0.602
Error 6 0.021114  0.003519

Total 15 0.641316

Summary Report for MRR

Anderson-Darling Normality Test

A-Squared 0.55
P-Value 0129
Mean 37.279
StDev 7.850
Variance 61.616
Skewness 1.28449
Kurtosis 2.35548
N 16
Minimum 27.260
1st Quartile 31.670

i 35.990
3rd Quartile  39.000
Maximum 58.230

95% Confidence Interval for Mean
33.096 41462
95% Confidence Interval for Median

95% Confidence Interval for StDev

95% Confidence Intervals
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The Pareto charts shown in Fig. 5(a—d) are used to sys-
tematically evaluate the impact of AWJD process variables on
MRR and RD. The AWJD process variables, notably WP and
AFR, have the maximum influence on the MRR value. Simi-
larly, the most influential criteria in determining the RD value
are WP and SoD. In addition, the residual distribution values
for both responses are shown in Fig. 5(e—f). These findings
show that the drilling parameters were appropriately selected

to maximize MRR and minimize RD.

Additionally, regression models for MRR and RD are gener-
ated with the programme Minitab™ based on the correlation
among AWJD process variables and responses. These models
are used to predict MRR and RD values. Equations (3) and (4)
yield the regression equations for MRR and RD, respectively.

Summary Report for RD

Anderson-Darling Nermality Test
A-squared 0.36
P-Value 0.402
Mean 074756
sthev 0.20677
Variance 0.04275
Skewness 0.651361
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Fig. 5 — (a—f) Statistical significance of MRR and RD.
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Initialize the population Xi
Initialize m, M and N
Find the fitness value of all the individuals in the population
Xa = the best solution
Xb = the 27 best solution
Xc = the 3" best solution
while (p=<maximum no. of iterations)
for each wolf
Update the position
end for
update m, M and C
calculate the fitness of all wolves
update Xa, Xb and Xc
p=p+tl
end while
return Xa

GWO Algorithm

Randomly initialize the population
Evaluate the fitness values of whales and find out the best search agent X*
while 1< fye
Calculate the value of agent
for each search agent
if #<0.5 then
if mod (4)<1 then X{t+1) = X*(t) - A.D
else if mod (4)>1 then X{t+1) = Xrand(t) — 4.D*
end if
else if 720.5 then
X(t+1)=D’. e¥ Cos (2nl) + X*(t)
end if
end for
Evaluate the fitness of X{#+1) and update X*
end while

WO Algorithm

Initialize solutions S; of population (P)
Evaluate fitness value for the solutions S; in the P
Repeat
Fori=0to A
Select good parents from the P
Create new S; by recombination
Mutate S;
Evaluate fitness value for S;
Add Sito P’
Next
Select good parents from P’ and form new P
Until termination condition

DFO Algorithm

Initialize the population of parameters/harmony
While (iteration < max_iteration) do
For each i=1:nh do
Calculate the fitness (success rate) function fi
End For
Store the best one with its parameters and fitness value
For each harmony =1 to nh
Improvise the Harmony
based on rAamer from the memory
based on rpar with pitch adjustment
new harmony within the bounds
End For
End While
Display the best solution

HS Algorithm

Fig. 6 — Pseudocode of optimization algorithms.

Table 6 — Optimum process control parameters through
the GWO Algorithm.

Algorithm WP SoD AFR
(MPa) (mm) (kg/min.)
Grey Wolf Optimization 260.8708 1.549062 0.371789

Algorithm

Table 7 — Responses obtained through GWO Algorithm.
MRR (mm*min.) RD (mm)

Algorithm

Grey Wolf Optimization Algorithm 31.08641 0.55253

Table 9 — Quality indicators for comparing Algorithm's
performance.

Algorithm IGD SP

GWO 0.057929 0.005718
DFO 0.087900 0.006507
WO 0.162863 0.011324
HS 0.098220 0.047814

MRR=8.2—-1.097 WP+ 30.2SOD — 12 AFR+0.002150 WP * WP
— 7.68SODSOD* SOD —172.6 AFR* AFR — 0.0720 WP *SOD
+ 0.280 WP*AFR +42.8 SOD*AFR

(3)

Table 8 — Optimum process parameters and their responses.

Algorithm WP (MPa) SoD (mm) AFR (g/min.) MRR (mm®/min.) RD (mm)
GWO 260.8708 1.549062 0.371789 31.08641 0.55253

DFO 261.8208 1.531507 0.365979 31.04591 0.555698
WO 269.1592 1.428741 0.361969 30.92208 0.562645
HS 272.534 1.421662 0.398524 30.94148 0.559698
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RD=5.51+0.04125 WP + 0.550 SOD — 4.11 AFR — 0.000062
+0.2672 SOD * SOD + 0.73 AFR *AFR — 0.00397 WP *SOD
+0.00963 WP *SOD + 0.216 SOD *AFR

(4)

3. Results and discussion
3.1. Algorithmic method

This study uses the Grey Wolf Optimization method to iden-
tify the best AWJM machining settings for concurrently
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maximizing the MRR and minimizing the RD values. The GWO
algorithm has several advantages over other methods as fol-
lows: (i) The idea of social hierarchy enables GWO to store the
best solutions after each iteration (ii) The search space near
the prey can be expanded to numerous dimensions as
required by the optimization issue (iii) The random parame-
ters support the prospective solutions in seeking and search-
ing for prey by encircling around them (iv) It simply has two
variable parameters as described by Chakraborty et al. [31] and
Mirjalili et al. [32].

In addition, the GWO algorithm's efficacy in this work is
compared to the Derivative-Free Optimization (DFO), Whale
Optimization (WO), and Harmony Search (HS) algorithms.

0.55 T T T : .

S—GWO
e [) 0

“WOA | ]
e HS A

RD (mm)

0.2 n s n . . . " . n

Iteration Number

(b)

Fig. 8 — Convergence graph (a) MRR (b) RD.
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Table 10 — Outcomes of the validation experiment.

AWJD Parameters MRR (mm?*/min.) RD (mm)

Description Value GWO Algorithm  Exp. value % of deviation = GWO Algorithm  Exp. value % of deviation
WP 260.870

SD 1.549 31.086 30.330 2.49 0.552 0.545 1.28

FR 0.371

Fig. 6 depicts the pseudocode for all of the algorithms. The
optimal process control parameters are determined using the
aforementioned algorithms, and the associated results are
reported in Tables 6 and 7.

Table 8 displays the appropriate outcomes from applying
the algorithms to determine the optimal process control set-
tings. Furthermore, the algorithm's performance is compared
using Spacing (SP) and Inverted Generational Distance (IGD).
Finally, Table 9 shows the performance of algorithms based
on the measures.

50
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The Pareto front diagram for MRR vs. RD shown in Fig. 7
revealed that the GWO algorithm outperformed others.
Further, the convergence plots for MRR and RD shown in Fig. 8
demonstrated the GWO algorithm's efficacy. As a result, the
GWO algorithm outperformed DFO, WO, and HS algorithms.
The validation experimentation was also carried out utilizing
the GWO algorithm and the ideal combination of AWJD
parameter settings. The outcomes of the validation run and
the variation in percentage from the GWO algorithm are pre-
sented in Table 10.
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Fig. 9 — (a—c) 3D Surface plot for the impact of AWJD process parameters on MRR.
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Fig. 10 — (a—c) 3D surface plot for the effect of AW]JD process parameters on RD.

3.2. Impact of AWJD drilling parameters on MRR

During machining operations, the amount of material
removed substantially impacts the processing cost and pace
of output. As a result, industries are always seeking ways to
enhance MRR to fulfil demand while minimizing production
costs.

According to the statistical study, the process factors
studied substantially impact the MRR of the deep hole drilling
process. As a result, it is critical to explore these components'
interactions to comprehend the MRR mechanism during
deep-hole drilling. A 3D surface plot Fig. 9 (a) illustrates the
effect of WP and SoD on the MRR. As seen in the plot,
increasing the WP increased the MRR greatly. The abrasive
jet's severe impact erodes the target material's surface. The
velocity of a waterjet is assumed to be proportional to the
square root of the WP. Because the KE level of the jetincreases
with pressure, the penetration rate and, subsequently, the
material removal rate increase.

Fig. 9 (b) illustrates the effect of WP and AFR on MRR. The
cohering action produced by the collisions of a great number
of abrasive particles in the direction of the workpiece is
principally responsible for the processing of AWM [33].
Furthermore, the degree of material removal is related to the
AFR and the pressure of the waterjet. It is well understood that
an increase in AFR tends to increase the MRR as more abrasive
particles are available to strike the target material with
enormous force, resulting in a greater material removal rate.

Increases in waterjet pressure cause greater kinetic energy,
accelerating the erosion or cutting rate and removing more
material from the specimen [34]. As a result, waterjet pressure
plays a pivotal role in determining the material removal rate.
As the distance from the nozzle tip increases, the diameter of
the abrasive jet continuously widens owing to scattering,
lowering the particle velocity and MRR. Because the kinetic
energy supplied by the abrasive particles is employed to erode
material from the work surface progressively, increased
stand-off distance results in lesser penetration and reduced
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Fig. 11 — SEM image of deep holes at the top, middle, and bottom under different magnifications.

MRR. Nevertheless, if the stand-off distance is even small, reduced efficacy of the jet in terms of material erosion. As a
there will be insufficient clearance for the used abrasive par- result, the SoD increases both the MRR and penetration rise
ticles to exit the drilling region later impact. It can significantly progressively, but, at a certain limit, both decline with further
limit the velocity of a new jet due to collision, resulting in increase in SoD, as shown in Fig. 9 (c).
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3.3. Impact of AWJD process parameters on roundness
deviation

In this investigation, roundness deviation was chosen as an
additional quality criterion affecting the geometric correct-
ness of the AWJM drilled holes. Roundness measures an ob-
ject's resemblance to a mathematically perfect circle [35].
Roundness is associated with two dimensions: cross-sectional
circles and cylindrical items. The roundness inaccuracy is
expressed by the maximum and minimum diameters vari-
ance at the hole's entrance and exit [36]. The roundness de-
viation of the drilled holes was measured by the Vision
measuring machine (make: Accurate, Model: VPP-ME 2010).

According to Fig. 10 (a & b), it is observed that RD is reduced
while drilling at increased WP. Increasing WP showed a sub-
stantial favourable effect on RD reduction. The impact of WP
and AFR is even more on roundness deviation. When the
water pressure is raised, the jet's kinetic energy rises, resulting
in a strong momentum transfer of the abrasive particles. As a
result, the difference in the formation of maximum and
minimum diameters is minimized, resulting in a decrease in
RD.

The influence of SoD on RD is demonstrated in Fig. 10 (c).
The diameter of the waterjet formed by abrasive particles as it
exited the nozzle increased as SoD increased, which increased
the RD. According to the graph, increasing SoD in SS 316L deep
hole drilling operations reduces dimensional stability and
increases RD values. This is attributed to increased waterjet
diameter produced by increased SoD, which resulted in lower
abrasive concentration and differences in top and bottom
surface hole sizes [37].

3.4.  Microstructure analysis of drilled hole

The drilled surfaces generated during AWJM deep hole drilling
of SS 316L through optimum process parameters are topo-
graphically illustrated in Fig. 11 responses to the application of
WP, SoD, and AFR. The deep hole surfaces at the drilled holes'
top, middle, and bottom were examined using a Scanning
Electron Microscope (SEM) to determine the material removal
pattern.

Fig. 11 depicts the low-magnification images of these three
locations in a newly drilled hole (a-c). Fig. 10 (a) and (b) show
that the top and middle parts have smooth drilled surfaces,
unlike the bottom section in Fig. 11 (c). The optimum process
parameter of WP 260 MPa, SoD 1.5 mm, and AFR 0.3 g/min. It
produced better machining surfaces at the top and middle of
the drilled specimen. This indicates that low WP and AFR
generate sufficient cutting force compared to higher waterjet
pressure with the same abrasive, leading to the development
of the critical force. This was achieved because fine abrasive
particles in the garnet of mesh size #80 with a low abrasive
mass flow rate produced a uniform penetration effect at the
top and middle of the drilled hole; as a result, defect-free
surfaces were obtained. When the depth of the workpiece
increases, the kinetic energy of the waterjet decreases, and as
a result, slightly poor drilled surfaces at the bottom of the
workpiece are visible. This is because of the low kinetic energy

of the waterjet and abrasive particles to drill the surfaces with
uniform penetration.

The SEM images of medium and high magnification from
the top, middle, and bottom sections are revealed in
Fig. 11(d—f) and (g-i), respectively. These images depict ma-
terial removal characteristics, such as primary and secondary
jet erosion. Plowing is the primary jet material removal
method in which an impinging high-velocity waterjet with
abrasives scoops up material along the jet's flow path. The
ploughing action leaves a mark that is narrow in width but
deep in depth and perfectly straight in the direction of the jet's
movement. However, secondary erosion occurs due to the
broken abrasive particles in the back-bouncing jet, which
remove material by erosive action.

In contrast to the primary material removal mechanism,
which leaves a deeply aligned trace along the jet direction is
seen in Fig. 11(e—f). In comparison to primary material
removal, secondary removes less material. In addition, Abra-
sive particles and burrs have also been found to embed
notably in the middle sections and might be attributed to jet
turbulence caused by the counter-action between the
incoming and back-bouncing jets.

4. Conclusion

Using the L, orthogonal array, deep hole drilling was per-
formed on SS 316L material to study the effects of different
AWJM parameter combinations. The experiment results were
noted and statistically evaluated with ANOVA. Minitab was
used to establish relationships between AWJM parameters
and MLRM equations for MRR and RD. GWO algorithm was
applied to find the ideal AWJD process parameters to maxi-
mize MRR and minimize RD. The GWO algorithm's efficacy
was also compared to that of the DFO, WO, and HS algorithms.
This investigation led to the following observations.

1. The WP and AFR directly impact MRR; greater waterjet
pressure produces more kinetic energy, resulting in a
quicker erosion or cutting rate and more material eroded
off the workpiece. An increase in AFR tends to increase the
MRR as more abrasive particles are available to strike the
target material with enormous force, resulting in a greater
material removal rate.

2. The SoD has the reverse effect on the MRR because the
distance from the nozzle tip increases, the diameter of the
abrasive jet gradually expands due to spreading, and the
velocity of the abrasive particles decreases.

3. Increased WP greatly reduces the RD because the varia-
tions in the formation of diameters were strongly
controlled by waterjet pressure. However, increased SoD
tends to increase the RD.

4. The analysis of variance revealed that WP and AFR were
the two most influential AWJD parameters in determining
the MRR value. The most significant factors in establishing
the RD value were WP and SoD.

5. The suggested GWO algorithm generated the ideal AWJM
process variables for maximizing the MRR and minimizing
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the RD values, as measured by diversity and spacing,
demonstrating its superiority over the DFO, WO, and HS

algorithms.

6. According to the GWO algorithm, the optimal set of process
parameters for AWJD deep hole drilling has MRR values of

31.08 mm>/min and RD values of 0.55 mm, respectively.

7. The confirmation experiment yielded MRR and RD values
of 30.33 mm®/min and 0.545 mm, with corresponding var-

iances of 2.49% and 1.28%.

8. SEM images revealed that the deep hole surfaces are fairly
smooth, and ploughing action was discovered to be the
major mechanism of material removal, but secondary
erosion occurred at the intermediate portion in addition to
ploughing due to jet turbulence caused by the counter-

action between the incoming and returning jets.
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Nomenclature

AWJM  Abrasive Waterjet Machine
GWO  Grey Wolf Optimization

WP Waterjet Pressure

AFR Abrasive Mass Flow Rate
SoD Stand-off Distance

TS Traverse Speed

KE Kinetic Energy

SR Surface Roughness

MRR Material Removal Rate

DoC Depth of Cut

GFRP  Glass Fiber Reinforced Polymer
AWJD  Abrasive Waterjet Drilling
VMR Volume of material removed

ANOVA Analysis of Variance

RD Roundness Deviation

DFO Derivative-Free Optimization
WO Whale Optimization

HS Harmony Search
SP Spacing
IGD Inverted Generational Distance
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