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Abstract. In today’s world, there is an acute need to increase the usage of ecologically sustainable materials like
AZ31 magnesium (Mg) alloy, possessing high strength-to-weight ratio and biocompatibility. However, its
machinability through conventional machining techniques remains a challenge due to its high flammability.
AWJM of Mg alloys is a promising method in this scenario. The present study investigated the effects of three
important operating parameters, viz., stand-off distance (SOD), feed rate, and number of passes on the surface
roughness parameters (Ra, Rq and Rz). Experiments were conducted based on Taguchi’s L9 orthogonal array,
and the effects of parameters on Ra, Rq and Rz were analysed statistically using analysis of variance (ANOVA).
The results demonstrated that SOD and number of passes together have significant influence on the surface
roughness (between 60% and 80% contribution). The individual and interaction results effects of parameters
revealed that, SOD of 1–2mm, feed rate of 130mm/min and two cutting passes resulted in the best surface
quality with least roughness (Ra, Rq < 3mm and Rz < 12mm). Finally, an artificial neural network model was
developed with 7 neurons in the hidden layer, which simultaneously predicted Ra, Rq and Rz with high accuracy
(R > 0.99).

Keywords: Abrasive water jet machining / AWJM / Mg AZ31 / surface roughness / Taguchi method /
artificial neural network
1 Introduction

Abrasive water jet machining (AWJM) is one of the fast-
emerging advanced machining technologies for cutting
difficult-to-machine materials. The development of this
technology is closely intertwined with the advancements of
modern high-pressure water pumps which can today
generate pressures up to 1000MPa (approximately,
145� 103 psi) [1,2]. While the world is moving towards
sustainable and eco-friendly practices of production, it is
becoming increasingly difficult to reduce the harmful
effects to the environment with the use of traditional
machining methods such as, turning, drilling, milling, etc.
[3,4]. In this scenario, AWJM is inherently an environment-
friendly manufacturing process because the cutting takes
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place by a pressurized water jet aided by abrasive particles
for removing the material, without causing a considerable
rise in the temperature of the material. Thus, in contrast
with conventional machining technologies, it does not
generate any heat affected zones which helps retain the
microstructural integrity of the material being machined.
Further, there is no formation of hazardous gases or
chemical waste during AWJM [4]. Due to these advanta-
geous factors AWJM can be considered as a sustainable
machining technology having immense potential for future
adoption for various production requirements.

In AWJM, the material removal takes place by virtue of
impact force applied by a pressurized water mixed with
abrasive particles which is pumped through a nozzle. Here,
the pressurized stream of water is mixed with abrasives,
which together act analogous to the cutting tool in the case
of conventional methods. Material removal occurs when
the accelerated abrasive particles impinge upon the work
monsAttribution License (https://creativecommons.org/licenses/by/4.0),
in any medium, provided the original work is properly cited.

https://orcid.org/0000-0003-1798-3480
https://orcid.org/0000-0002-7921-9798
http://mailto:sk.bhat@manipal.edu
https://www.edpsciences.org
https://doi.org/10.1051/mfreview/2024019
https://mfr.edp-open.org
https://creativecommons.org/licenses/by/4.0


2 D. Doreswamy et al.: Manufacturing Rev. 11, 21 (2024)
surface resulting in material erosion into minute fragments
which is accompanied by the flow of water stream which
flushes away the eroded material particles paving the way
for further erosion to take place [5]. The movement of the
water jet with respect to workpiece is controlled by a
computer numerical control system for generating the
required shape and size of cuts in the workpiece. The
AWJM working process involves multiple control param-
eters such as, water jet pressure, stand-off distance (SOD),
feed rate (traverse rate), number of passes, etc. [6–9] which
significantly affect the surface finish of the machined work
piece.

Magnesium (Mg) and its alloys are one of the lightest
compared to the commonly used metals in general
engineering applications such as stainless steel, aluminum,
and titanium. The development and characterization of
alloys of Mg such as AZ31 have received a considerable
attention in the recent decades due to their attractive and
distinguishing properties such as low-density, high specific
strength, ductility, excellent biocompatibility and biode-
gradability [10–14], thereby making them a valuable
alternative material from the perspective of sustainable
engineering. Its low-density makes it an attractive choice
for automotive and aeronautical industry, and in general,
the whole transportation sector, which can help in weight
reduction of the components resulting in drop in fuel
consumption and reducing the exhaust of harmful
emissions [15,16]. In the biomedical domain, its biocom-
patible and biodegradable characteristics in combination
with its mechanical strength makes it an ideal choice for
applications such as implants and stents [17] wherein the
devices need to endure physiological environment without
causing any harm to the human body. However, studies on
its machinability aspects have further scope for explora-
tion, particularly on AZ (A � Aluminum, Z � Zinc) series
of alloys [18–23]. Machining of Mg alloys have been
investigated by traditional methods such as turning,
milling and drilling. However, their high flammability
necessitates the requirement of special cooled environ-
ments in case of traditional techniques [24]. The ignition of
chips generated during cutting tends to explode, thus
raising a safety hazard. Pu et al. (2012) [25] found that the
microstructural characteristics of liquid nitrogen assisted
cryogenic turning of Mg alloys demonstrated about 20%
lower surface roughness and a significant increase (about
87%) in the surface hardness. Dry drilling of Mg alloys is
problematic due to tendency of Mg to adhere to the cutting
tools. Therefore, cryogenic and coolant-assisted drilling
have been conducted which considerably improved the
tool life, surface roughness and surface hardness properties
[26–29]. In this regard, two of the advanced manufacturing
technologies namely, abrasive water jet machining
(AWJM) and electric discharge machining (EDM) have
been explored [24]. EDM addresses the concern of
temperature of Mg alloys by means of the dielectric
medium which suppresses the possibility of ignition.
However, a demerit of EDM for Mg alloys is the adverse
thermal effects in heat-affected zones and excess recast
layer thickness [24,30]. Literature shows that temperatures
above 450 °C show significant risk of ignition for Mg alloys
[24,30]. With this background, AWJmachining is the most
suitable choice for machining such material due to the fact
that temperature of work piece does not exceed 100 °C
during AWJ machining [31,32]. However, there are very
limited studies available in the literature on AWJ
machining of Mg alloys [33–35].

AZ31 is one of the most promising of the Mg alloys
because of its exceptional properties such as corrosion
resistance and biocompatibility [24,36]. From the literature
review, it is clear that there is a need to investigate the
machinability and surface quality obtained by AWJ
machining of AZ31 alloy. It is well-known that surface
finish is one of the most important characteristics which
define the ease of machinability of a material using a
machining operation. The present study presents a
comprehensive investigation of the effects of important
control parameters of AWJ process (SOD, feed rate and
number of passes) on the surface roughness parameters of
the machined surfaces. A Taguchi-technique based experi-
mental design is chalked out and the results are analyzed
based on analysis of variance (ANOVA). The main effects
and interaction effects of the control factors are analyzed.
Subsequently, an artificial neural network (ANN) based
predictive model is developed for accurate representation
of the experimental findings and to make accurate
predictions of surface roughness obtained during AWJM
of Mg AZ31. Finally, the optimum machining settings are
identified from computations of the mean responses
obtained during each level of the control parameters, for
achieving the best surface characteristics.

2 Materials and methods

2.1 Experimental setup

The CNC AWJ machine is used for conducting the
experiments (Model: ProtoMAX, OMAX Corporation,
USA) with axis length of 304mm� 304mmX 25mm along
X, Y and Z directions respectively (Fig. 1). The maximum
operating pressure is 30,000 psi. Garnet abrasive particles
of 80mesh size have been used for the machining. The hot
rolled AZ31 Mg alloy samples (Al� 2.8% Zn� 1.36% Fe�
0.02%, Mg � remaining constituent) were procured from
commercially available sources [37,38].

2.2 Design of experiments

Based on the constraints of the experimental setup, the
effect of three critical process parameters namely SOD, feed
rate, and number of passes are chosen in this study. The
effect of these parameters is investigated on the surface
roughness. Table 1 shows the levels of the parameters
which were selected to study the performance of AWJM of
AZ31Mg alloy. Based on computation of degree of freedom
for three level experiments for 3 control factors; to
investigate the main effect of process parameters, Taguchi
L9 (33) orthogonal array design was selected for the
experimentation. The other control factors such as abrasive
type, water jet pressure, nozzle type, etc., involved during
the machining were kept constant throughout the experi-
ments. Table 2 shows the experimental design of the
corresponding response data, i.e., surface roughness



Table 1. Levels of machining parameters.

Machining parameters/levels Level 1 Level 2 Level 3

Stand-off distance (mm) 1 2 3
Feed rate (mm/min) 104 130 186
Number of passes 1 2 3

Fig. 1. The AWJM setup used for the experiments.

Table 2. The experimental plan with levels of control
parameters.

Expt. No. SOD Feed rate No. of passes

1 1 1 1
2 1 2 2
3 1 3 3
4 2 1 2
5 2 2 3
6 2 3 1
7 3 1 3
8 3 2 1
9 3 3 2
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parameters Ra, Rq and Rz obtained during the experiments
by conducting two trials at each experimental setting. The
range of the settings used to define the levels of the process
parameters are chosen based on the pilot experimental
studies on the test piece. The average of the two responses
obtained at each trial of the experimental setting is used for
further statistical analysis of the results, predictive
modeling and optimization.

2.3 Measurement of response data

The surface roughness of a machine component has a
significant impact on its fatigue life, resistance to corrosion,
wear rate, and related tribological properties [39]. Surface
roughness can be measured in terms of various parameters,
however, prominent among them are arithmetic mean
roughness (Ra), root mean square roughness (Rq), and
maximum peak-to-valley height (Rz) [39–41]. Ra quantifies
an averaged value of surface unevenness; however, is less
affected by minor fluctuations in the surface profile. Rq on
the other hand is more sensitive to fluctuations in the
surface profile thanRa. Finally,Rz quantifies the average of
the difference between the five highest peaks and five
lowest valleys of a measured surface. The expressions ofRa,
Rq, and Rz are provided in equations (1)–(3) [39–41].

Ra ¼ 1

n

Xn
i¼1

jY ij ð1Þ
Rq ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn
i¼1

Y 2
i

s
ð2Þ

Rz ¼ 1

5

X5
i¼1

RPi �RV i ð3Þ

where, Yi are the deviations in the surface levels, n is the
number of deviations, whereas, RPi and RVi are the highest
peaks and lowest valleys, respectively. Surface roughness of
cut surfaces of the machined samples were measured using
Surtronic® surface profile tester (Make: Taylor Hobson).
The stylus probe was made tomove for a sampling length of
2.5mm for each measurement. For each sample, readings
were recorded at three different locations and its average
values are presented in Table 2. Typically, the measure-
ments were made at the upper, middle, and lower regions of
the cut kerf surface (Fig. 2).



Fig. 2. Machined test samples with nomenclature.

Table 3. The response data.

Expt. No. Ra-1 (mm) Ra-2 (mm) Rq-1 (mm) Rq-2 (mm) Rz-1 (mm) Rz-2 (mm)

1 5.42 3.80 6.54 6.50 25.2 25.9
2 3.38 3.26 2.10 4.20 9.1 14.3
3 3.32 3.38 4.28 4.36 19.7 19.7
4 3.44 3.86 4.30 4.84 19.9 22.9
5 3.16 3.12 4.04 3.82 17.2 16.7
6 3.46 4.04 4.58 5.14 20.0 24.5
7 3.50 4.02 4.56 5.22 22.4 20.5
8 4.94 5.62 6.36 7.08 28.1 26.7
9 4.46 4.58 5.84 5.68 26.5 24.8
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2.4 Predictive model for surface roughness using
artificial neural network

Artificial neural network (ANN) is a soft computing
paradigm which derives its functionality through inspira-
tion from the neurons in the biological nervous systems.
ANN operates with a similar principle of that of biological
neurons wherein the information processing takes place in
the individual neurons starting with a feedforward training
process, involving by a backpropagation feedback loop to
estimate the errors in prediction, to determine a mathe-
matical formulation to model the relationship between
process parameters and the output responses [42]. In this
study, a multi-layer (one hidden layer) perceptron ANN
model was developed using the fitnet function in MATLAB
(MathWorks, Natick, Massachusetts, USA). The Leven-
berg-Marquardt algorithm was employed for training the
model [43]. The inputs are the three process parameters,
i.e., SOD, feed rate, and number of passes; and the outputs
are the three surface roughness parameters, Ra, Rq, and Rz.
The input data was randomly divided into three sets such
that 70% of it was used for training and 15% each were used
for testing and validation of the network. Different trials
were conducted with the number of neurons in the hidden
layers to arrive at amodel which provided a good predictive
performance. From the trials, an ANN of ‘3-7-3’ architec-
ture with one hidden layer was established (Fig. 3). Here, 7
indicate the number of neurons in the hidden layer. The
tansig and purelin functions were used for the input to the
hidden layer and hidden layer to output layer, respectively
[42–44].

Each neuron in the artificial neural network consists of
three components, weights (wk,j), biases (bk), and an
activation function. The weights and biases are fed to
individual neurons along with the inputs to obtain the
mathematical operation in each neuron as equation (4) [44]

Uk ¼ bk þ
Xn

j¼1
wk;j � Ij ð4Þ

where, n is the number of inputs and k signifies the kth

neuron in the hidden layer. The same equation can be
written in the matrix form as equation (5)

w11 . . . w1n

..

.
⋱ ..

.

wm1 ⋯ wmn

0
B@

1
CA

m�n

I1
..
.

In

2
64

3
75
n� 1

þ
b1
..
.

bm

2
64

3
75
m� 1

¼
U1

..

.

Um

2
64

3
75
m� 1

: ð5Þ

The inputs and outputs in each neural network are
typically normalized between [–1,+1]. Finally, the overall
mathematical relationship to predict the output ‘Y’ can be
written as equation (6)

Y ¼ boutput�layer þ
Xm

k¼1
LWk � f Ukð Þ ð6Þ

where, boutput–layer is the output layer bias matrix and LWk
is the layer weight matrix. The activation function f(Uk) is
a tan-sigmoid (tansig) or hyperbolic tangent function as
shown by equation (7) and purelin is a linear function
which is given by f(Uk)=Uk

f Ukð Þ ¼ eUk � e�Uk

eUk þ e�Uk
: ð7Þ



Fig. 4. Mean effects of (a) SOD, (b) feed rate, and (c) number of passes on Ra.

Fig. 3. ANN architecture with ‘3-7-3’ topology.
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3 Results and Discussion

3.1 The effects of stand-off distance, feed rate, and
number of passes on Ra, Rq, and Rz

Figures 4–6 present the main effect plots of SOD, feed rate,
and number of passes onRa,Rq, andRz, respectively. From
the effect of SOD on the response parameters (Figs. 4a, 5a,
6a), it is observed that with increase in SOD from 1mm to
2mm, there was a drop in Ra by 6.1%; however, further
increase in SOD from 2mm to 3mm produced a sharp rise
in the Ra by 28.7%. A similar tendency was observed in the
case of Rq, wherein, with increase in SOD from 1mm to
2mm, it reduced by 4.5%, and with further increase from
2mm to 3mm, Rq showed a drastic increase of 30%.
Overall, Rq increased by 24.2% with the change in SOD
from 1mm to 3mm. Finally, Rz also showed a similar
tendency of decreasing with SOD from 1mm to 2mm by
6.4%, and then a sharp rise by 22.9% from 2mm to 3mm.
This behavior of variation of surface roughness is due to the
physical interaction in the machining process due to
increase in SOD. As the SOD is increased, the water jet
coherence reduces, i.e., the jet diameter starts expanding as
it moves away from the nozzle tip. Consequently, as the



Fig. 5. Mean effects of (a) SOD, (b) feed rate, and (c) number of passes on Rq.

Fig. 6. Mean effects of (a) SOD, (b) feed rate, and (c) number of passes on Rz.
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water reaches the workpiece surface, the jet cutting area
also increased [8]. This results in an uneven machining,
thus increases the surface roughness.

From the effect of feed rate on the response parameters
(Figs. 4b, 5b, 6b), it is found that, Ra shows a distinct
response compared to Rq and Rz. In the case of Ra, there is
an almost linear reduction with a gradual saturation in its
value from level 1 to 3, with an overall marginal reduction
of 3.3%. However, in the case of Rq and Rz, there is a sharp
change in its trends from 104mm/min to 186mm/min.
With increase in feed rate from 104mm/min to 130mm/
min, Rq and Rz showed a decrease by 13.6% and 18.1%,
respectively, whereas, from 130mm/min to 186mm/min, a
sharp rise in their values is observed by 8.3% and 20.6%,
respectively. The distinct behavior of Ra can be explained
because of the fact that, Ra has the limitation of not being
able to effectively describe the deviations in the surface
levels. Generally, at lower feed rates there is a higher
probability for water jets and abrasives to erode the
material leading to better and effective machining process,
producing smoother surface finish. But the present
observations suggest a slightly different tendency. A
probable reason for this is the fact that the jet pressure
and mass flow rate are compensating for the reduction in
number of abrasive particles participating in cutting action
[8,9]. However, the surface roughness increased with
further rise in feed rate.

From the effect of number of passes on the response
parameters (Figs. 4c, 5c, 6c), it is observed that all the three
surface roughness parameters demonstrate a consistent
trend in their changes with the number of passes. With
increase in passes from 1 to 2, Ra, Rq, and Rz showed a
reduction by 16.2%, 25.5%, and 21.9%, respectively. With
further increase in number of passes from 2 to 3,Ra,Rq, and



Table 4. ANOVA for means: Ra.

Source DF Adj SS Adj MS F P % MS

SOD 2 1.65182 0.82591 3.56 0.219 40.2
Feed rate 2 0.02809 0.01404 0.06 0.943 0.7
No. of passes 2 1.96136 0.98068 4.23 0.191 47.8
Residual error 2 0.46402 0.23201 11.3

DF: degrees of freedom, Adj SS: adjusted sum of squares, Adj MS: adjusted mean squares, F: F-ratio or variance ratio, P: probability
limit for null hypothesis to be true, % MS: percentage contribution of individual parameter.

Table 5. ANOVA for Means: Rq.

Source DF Adj SS Adj MS F P % MS

SOD 2 3.1002 1.5501 1.5 0.401 28.0
Feed rate 2 0.7926 0.3963 0.38 0.723 7.2
No. of passes 2 5.118 2.559 2.47 0.288 46.2
Residual error 2 2.0734 1.0367 18.7

Table 6. ANOVA for means: Rz.

Source DF Adj SS Adj MS F P % MS

SOD 2 57.17 28.59 1.54 0.394 30.3
Feed rate 2 31.84 15.92 0.86 0.538 16.9
No. of passes 2 62.6 31.3 1.69 0.372 33.2
Residual error 2 37.14 18.57 19.7
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Rz showed a further reduction by 10.3%, 2.5%, and 1.1%,
respectively. From the percentage change in the values, it
can be deduced that, on an average the surface roughness
values are reducing by significant amounts; however, the
fluctuations have already smoothened out from level 1 to 2
to a large extent. As the number of passes increases, there is
repeated interaction between the abrasives mixed water jet
stream and the machining surface. This results in a higher
quantity of material removal and finer erosion and removal
of undulations in the cut surface, resulting in a smoother
surface finish [9].

3.2 ANOVA of Ra, Rq, and Rz

The effect of controlling parameters on Ra, Rq, and Rz is
conducted through analysis of variance (ANOVA) at 90%
significance level of confidence interval. For 2 degrees of
freedom for each parameter and total degree of freedom of
8, the critical variance ratio or F-statistic (Fcr) is
F0,1(2,8)= 3.11. It is observed from Table 4 that the
calculated F-ratio for SOD and number of passes is greater
than Fcr implying that these two parameters have a
statistically significant influence on Ra, whereas feed rate
does not. Even in terms of the quantitative percentage
contribution (% MS), feed rate had marginal effect on
the Ra variations. From Tables 5 and 6, it is observed that,
the F-ratio for all parameters is lower than Fcr, indicating
that according to a qualitative evaluation of their factorial
influence on Rq and Rz, the effect of these parameters is
insignificant compared with the variance of error [8].
Nevertheless, in terms of a quantitative evaluation of their
effects, both SOD and number of passes display a
pronounced influence on the surface roughness parameters,
whereas that of feed rate appears to be comparatively
marginal. It is noteworthy that there have been limited
studies on the effect of number of passes on surface
roughness properties obtained using AWJM [45]. There-
fore, the present study highlights the importance of more
than one pass can result in considerable improvement in
the surface roughness of the machined surfaces.

3.3 Analysis of interaction effects by response surfaces

A comprehensive analysis of the coupled interaction effects
of control parameters on Ra, Rq, and Rz is carried out
through evaluation of the response surfaces. Figure 7 shows
the interaction effects of the machining parameters on the
surface roughness parameters, Ra, Rq, and Rz. From the
response surface plots, it is observed that the trends of
the surface roughness parameters are synchronous with
each other. Although, quantitative differences exist
because of the differences in their computation, qualita-
tively, they are consistent with each other. Another
observation is that the location of minima and maxima



Fig. 7. Interaction effects of (a) SOD and feed rate; (b) feed rate and number of passes; and (c) SOD and number of passes, on Ra, Rq,
and Rz.
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of Rq and Rz are close to each other compared to that of Ra.
From Figure 7a, it is observed that surface roughness
attains the minimum value at higher levels of feed rate and
at lower levels of SOD. Higher feed rate causes a finer
material removal, and lower SOD results in lesser
divergence of the abrasive water jet. Thus, this combina-
tion is beneficial for a smoother surface finish. The
minimum of the surface roughness parameters occurs near
feed rate= 186mm/min, SOD=1mm. From Figure 7b, it
is found that surface finish becomes better with higher
number of passes and at an optimum level of feed rate
beyond which the surface roughness may again increase.
The minimum of all surface roughness parameters occurs
near number of passes= 2, feed rate= 130mm/min. Lastly,
for interaction effect of SOD and number of passes
(Fig. 7c), number of passes= 2, SOD=1mm yields the
minimum surface roughness. The lower level of SOD and
higher number of passes is found to be beneficial for
achieving a better surface finish. Overall, since the effect of
SOD and feed rate have the highest statistical significance
(Tabs. 3–5), the number of passes= 2, SOD=1mm can be
chosen to achieve the minimum possible surface roughness.

3.4 Prediction of surface roughness using ANN model

The predictive performance of the proposed three-layered
feedforward backpropagation ANN model of the ‘3-7-3’
topology with 7-neurons in the hidden layer is presented in
Figure 8. It is observed that, the developed model can
accurately describe the three surface roughness parame-
ters, Ra, Rq, and Rz, with coefficient of determination (R2)
values of 0.98, 0.99 and 0.99, respectively. This indicates
that the model can be considered accurate with<5% error.

The overall predictive accuracy of the model is shown in
Figure 6d with a coefficient of correlation (R) of 0.99966
with all scatter plot data points lying along the fitted line



Fig. 8. Comparisons of the predicted (a) Ra, (b) Rq, and (c) Rz with experimental values and (d) overall regression plot.
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indicating an excellent description of the experimental
data. The weights and biases obtained from training the
ANN model for the different layers have been listed in
Tables 7 and 8. Using these values of weights and biases,
the neural network model can be recreated using equations
(4)–(8) and deployed to predict the surface roughness
parameters of AZ31 Mg alloy during its AWJ machining in
industrial or production applications by the end user,
within the range of parameters considered in this study
with an accuracy of >95%.

3.5 Optimization of surface roughness

The optimum settings to obtain the best possible
(minimum) responses of Ra, Rq and Rz are determined
by computing the mean values of the responses. Tables 9–
11 show the mean responses Ra, Rq and Rz, respectively,
obtained at each level of the control parameters (boldface
values indicate the optimum setting). From Table 9, it is
found that Ra is minimum at 2mm SOD, 186mm/min feed
rate and 3 cutting passes. The values of 130mm/min and
186mm/min are similar. Therefore, both could be suitable.
From Table 10, it is observed that Rq becomes minimum at
2mm SOD, 130mm/min feed rate and 3 cutting passes.
Table 11 shows that the minimum of Rz occurs at 1mm
SOD, 186mm/min feed rate and 3 cutting passes. Here, it is
notable that the response at level 2 SOD is close to that at
level 1 SOD. Therefore, level 2 SOD could also be chosen as
close to optimum response. Therefore, 1- or 2-mm SOD,
130mm/min feed rate and 2 or 3 cutting passes can be
chosen for the better overall surface finish.
4 Conclusions

The present study provided a comprehensive investigation
on the effects of operating parameters, SOD, feed rate, and
number of passes on the surface roughness characteristics



Table 7. Weights and biases between input and hidden layers in the ANN model.

Number of neurons (k) Number of input parameters (j) Bias (bk)
wk,1 wk,2 wk,2

1 (w1,j) –0.2492 0.2306 1.2655 0.6838
2 (w1,j) 0.8868 0.0650 0.2518 –0.5402
3 (w1,j) –0.0752 0.2998 0.0481 –0.0849
4 (w1,j) –1.3587 0.5085 0.7020 0.2491
5 (w1,j) 1.1621 –0.3966 0.6186 0.2366
6 (w1,j) 0.0561 –0.1723 –0.0175 0.0308
7 (w1,j) 1.3003 0.1239 1.2011 0.3983

Table 8. Weights and biases between hidden and output layers in the ANN model.

Number of outputs (j) Number of neurons (k) Bias (bk)
wk,1 wk,2 wk,3 wk,4 wk,5 wk,6 wk,7

1 (w1,j) 0.6485 0.6369 –0.2087 –0.0097 –0.2018 0.1155 –1.2148 –0.0591
2 (w1,j) 0.6564 0.5866 –0.2460 –0.4976 –0.7918 0.1416 –0.9223 0.2847
3 (w1,j) 0.9637 –0.1098 0.0965 –1.2196 –0.9153 –0.0486 –0.7174 0.2066

Table 9. Mean response of Ra at each level of the control
parameters.

SOD Feed rate Passes

Level 1 3.74 4.01 4.55
Level 2 3.51 3.89 3.81
Level 3 4.52 3.87 3.42

Table 10. Mean response of Rq at each level of the control
parameters.

SOD Feed rate Passes

Level 1 4.66 5.33 6.03
Level 2 4.45 4.60 4.49
Level 3 5.79 4.98 4.38

Table 11. Mean response of Rz at each level of the control
parameters.

SOD Feed rate Passes

Level 1 18.98 22.80 25.07
Level 2 20.20 18.68 19.58
Level 3 24.83 22.53 19.37
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during the machining of AZ31 Mg alloy by AWJM. The
obtained results can be beneficial in achieving the desirable
levels of surface quality in AZ31 Mg alloy. The following
conclusions are drawn based on the obtained results:

–
 The main effect analysis revealed that, SOD between 1
and 2mm gave the minimum surface roughness, whereas
at 3mm, there was a sharp rise of>20%. Level 2 feed rate
gave theminimum surface roughness and 2 cutting passes
caused a reduction in surface roughness by around 15–
22%. However, increasing the number of passes to 3 had a
smaller effect of around 1–10%.
–
 ANOVA results revealed that SOD and number of passes
had a statistically significant contribution on the surface
roughness characteristics with a combined contribution
of 60–80%. Comparatively, the influence of feed rate was
smaller (between 1% and 15%). The process parameters
can be ranked in the following order with respect to their
influence: number of passes (I), SOD (II), and feed rate
(III).
–
 The interaction effects revealed that, 1mm SOD, 2
cutting passes and nearly 130mm/min feed rate provided
the best levels of surface roughness of Ra, Rq < 3mm and
Rz < 12mm. Overall, 1- or 2-mm SOD, 130mm/min feed
rate and 2 or 3 cutting passes can be chosen for the better
overall surface finish.
–
 The feedforward backpropagation ANN model having
“3-7-3” architecture was found to predict the experimen-
tally measured machining responses with an overall
accuracy of R > 0.99 and the individual prediction of
surface roughness parameters demonstrating a highR2 of
>0.96.
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