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Abstract: In this study, an intelligent optimization system for laser micro-machining operations is developed, uti-
lizing an Adaptive Neuro-Fuzzy Inference System (ANFIS). The heuristic optimization tool, ANFIS, synergistically
combines back-propagation training with gradient descent in a unidirectional manner. A comprehensive training set,
incorporating experimental data from the literature, highlights the sensitivity of groove depth and recast layer height
to specific critical operating factors during the laser micro-machining process. By optimizing lamp current, pulse
width, and frequency, the proposed system aims to achieve superior groove depth and recast layer height outcomes.
This novel microscopic research holds the potential to captivate both academic scholars and industry professionals.
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1 Introduction

Laser micro-machining offers the potential to enhance productivity by utilizing high energy density to create
intricate shapes on various materials without inducing material stress or generating waste. This eco-friendly approach
can significantly improve control, measurement, and assembly in the manufacturing of microproducts, where input
quality management is of paramount importance.

Laser-electrochemical machining has been shown to produce material surfaces devoid of molten slag [1]. Ad-
ditionally, water jet guided laser micro-machining, an innovative technique for hard brittle materials, has improved
the cutting of mono-crystalline silicon [2]. Research indicates that reducing laser incidence angle can decrease
micro-texture depth, laser machining temperature, and residual compressive stress [3], while micro-texture width
and roughness are observed to increase concurrently.

Recent advancements, such as micro-injection molding, have successfully replicated microneedle cavities [4],
while femtosecond laser cutting of battery separators and multi-pass groove machining on silicon have expanded
the effective machining range and efficiency for both focused and defocused surfaces [5]. Nanoporous catalyst
layers have enabled the surpassing of power density limitations [6], and CVD diamond-coated machines have
produced composite microstructures at multiple scales [7]. Specific factors, including pulse duration of a few tens of
picoseconds and laser pulse overlap rate, have been found to influence micro-machining of monocrystalline diamond
using pulsed lasers [8]. The growing application of high-strength metals in micro-scale designs necessitates the
development of superior micro-fabrication techniques [9].

This study aims to identify optimal input parameter selection methods for laser micro-machining through the
implementation of the sophisticated Adaptive Neuro-Fuzzy Inference System (ANFIS) [10]. This system is designed
to recognize and categorize operating parameters in the laser micro-machining process. The primary objective is
to maximize groove depth while minimizing recast layer thickness. ANFIS exhibits effective data normalization
and generalization capabilities, and is characterized by its resilience and fault tolerance. As a result, the ANFIS-
based laser micro-machining process is expected to be highly adaptable to variations in a wide range of operating
parameters [11-15].
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In summary, this research seeks to advance laser micro-machining knowledge by investigating innovative op-
timization methods. This exploration aims to expedite the production of high-quality, miniaturized products with
reduced resource consumption and environmental impact.

2 Methodology and Materials
2.1 Experimental Setup

The experimental procedure utilized a Nd: YAG computer numerically controlled pulsed laser machining system.
This apparatus generated a 1 mm-diameter laser beam with a 100 pm spot size. Input values were systematically
adjusted in each cycle. Laser operations etched the sample surface. Table 1 presents the input or operating parameters
and silver nanoparticle sizes, as reported in the study [11].

V-groove depth was employed as a measure of surface etching. Each activity aimed to optimize or reduce groove
depth. For optimal surface quality, the recast layer height should be minimized. Table 1 displays the input and output
parameters used in this study, based on the study [11]. The input parameters included lamp current, pulse rate, pulse
width, and ambient pressure. All possible combinations of these parameters at various levels were examined.

Table 1. Input and output variables [11]

Inputs Outputs
Lamp Pulse Pulse width  Air pressure Depth of Height of
current frequency groove (mm) recast layer
(mm)
0.87799 0.59987 0.49 0.49 0.099265 0.099385
0.87799 0.499987 0.49 0.99 0.0993175 0.09938375
0.87799 0.499987 0.99 0.49 0.099215 0.09938125
0.87799 0.499987 0.99 0.99 0.099265 0.09933375
0.87799 0.7998 0.75 0.75 0.099278 0.09943
0.87799 0.99 0.49 0.49 0.0992175 0.09922875
0.87799 0.99 0.49 0.99 0.09924 0.09929375
0.87799 0.99 0.99 0.49 0.09916 0.0992875
0.87799 0.99 0.99 0.99 0.0992325 0.0992837
0.9399 0.499977 0.75 0.99 0.09923 0.099168
0.9399 0.7998 0.75 0.75 0.0992646 0.0992928
0.9399 0.7998 1 0.49 0.0992866 0.099523
0.9399 1 0.49 0.75 0.0992217 0.099188
0.99 0.499977 0.49 0.49 0.099345 0.0994825
0.99 0.499987 0.49 0.99 0.09935 0.0994075
0.99 0.499987 0.99 0.49 0.09932 0.09949125
0.99 0.499987 0.99 0.75 0.099268 0.099413
0.99 0.499987 0.99 0.99 0.09934 0.09941875
0.99 0.7998 0.49 0.99 0.099376 0.09944
0.99 0.99 0.49 0.49 0.0993075 0.0993475
0.99 0.99 0.49 0.99 0.0993125 0.09936125
0.99 0.99 0.75 0.49 0.099308 0.099598
0.99 0.99 0.99 0.49 0.09927 0.09938375
0.99 0.99 0.99 0.99 0.09932 0.09927375

2.2 ANFIS Methodology

Figure 1 illustrates the five layers of the ANFIS architecture. The ANFIS network is driven by fuzzy inference.
In the first layer, membership functions convert input parameters into fuzzy values. For this study, the bell-shaped
membership function was employed due to its superior nonlinear data regression capabilities.

The bell-shaped membership function is defined as follows:

p(x) = bell (z; ai; bi; ¢;) = ——————- M
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where, {a;, b;, ¢; } represents the parameter set and z input.

Layer 2 of the ANFIS architecture multiplies the fuzzy signals obtained from Layer 1 to determine each rule’s
firing strength. In Layer 3, known as the rule layer, the signals from Layer 2 are normalized. Layer 4 is responsible
for defuzzifying the signals and inferring rules. Finally, Layer 5 aggregates all the inputs to produce the output.

This study introduces a novel experimental setup and the sophisticated ANFIS approach to enhance laser micro-
machining performance. By optimizing the configuration to maximize groove depth and minimize recast layer
height, this method aims to achieve high-quality surface finishes.

Layer 2

Layer 4

Inference of
rules

Multiplies fuzzy
signals

Figure 1. ANFIS layers

3 Results and Discussion

The ANFIS approach successfully identified crucial predictors for fault types. This method streamlined the
analysis by selecting and preparing relevant input parameters, eliminating unnecessary data. As demonstrated below,
the dataset was divided into a training set (odd-indexed samples) and a testing set (even-indexed samples) using
MATLAB software.

»[data] = depth;

»trn_data = data(1:2:end,:);

»chk_data = data(2:2:end,:);

»[data] = height;

»trn_data = data(1:2:end,:);

»chk_data = data(2:2:end,:);

Exhaustive searches were conducted using the “exhsrch” function to determine the inputs that had the most
significant impact on groove depth and recast layer height. The first parameter of the function represents the number
of input permutations. For each permutation, “exhsrch” generates an ANFIS model, trains it for one epoch, and
records the results. The top two predictors for outcomes were identified using the following command line:

» exhsrch(1,trn_data,chk_data);

» exhsrch(2,trn_data,chk_data);

Table 2 and Table 3 present the relationships between groove depth and single input, as well as recast layer height.
These parameters were ascertained based on the training (trn) and checking (chk) root-mean-squared error (RMSE).
Lamp current, which exhibited the lowest training error, had the most significant influence on both groove depth and
recast layer height. Consequently, minor changes in lamp current may affect these two parameters.

As shown in Table 2, the combination of lamp current and pulse width yielded the largest impact on groove
depth, as it reduced the training error. In contrast, Table 3 reveals that a combination of lamp current and pulse
frequency had the most substantial effect on the final recast layer height, resulting in the lowest training error.

Based on the various input combinations, Figure 2 and Figure 3 depict the ANFIS decision surfaces for groove
depth and recast layer height, respectively.

0.035+

0.03
g

0.025 ~

Depth of groove

\\\\‘\i‘\‘m““
’ o~ \\\‘h\\‘lﬁ% :

0.024
|

LUy Son 09 096
Pulsc frequency 0.5 09 Y it

Figure 2. ANFIS decision surface for depth of groove based on two selected parameters
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Figure 3. ANFIS decision surface for height of recast layer based on two selected parameters

Table 2. Correlations of one and two attributes with depth of groove

Lamp current

Pulse frequency

Pulse width

Air pressure

trn = 0.099032,
chk = 0.099038
trn = 0.099021,
chk = 0.099039
trn = 0.099014,
chk = 0.099048
trn = 0.099019,
chk = 0.099051

trn = 0.099043,
chk = 0.099055
tr = 0.099029,
chk = 0.099059
trn = 0.099021,
chk = 0.099073

trn = 0.099042,
chk = 0.099059
trn = 0.099032,
chk = 0.099064

trn = 0.099041,
chk = 0.099057

Table 3. Correlations of one and two attributes with height of recast layer

Lamp current

Pulse frequency

Pulse width

Air pressure

trn = 0.099046,
chk = 0.099122
trn = 0.099005,
chk = 0.099108
trn = 0.099032,
chk = 0.099113
trn = 0.099027,
chk = 0.099138

trn = 0.099056,
chk = 0.099125

trn = 0.099050,
chk = 0.099123
trn = 0.099033,
chk = 0.099121

trn = 0.099071,
chk = 0.099125
trn = 0.099042,
chk = 0.099110

trn = 0.099069,
chk =0.099119

4 Conclusions
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In this study, the influence of operational parameters on groove depth and recast layer height during laser micro-
machining was investigated using experimental training data from the literature. Achieving optimal results in laser
micro-machining necessitates the adjustment of groove depth and recast layer height.

The findings reveal that lamp current and pulse width significantly impact groove depth. These factors may
substantially alter groove depth during laser micro-machining, indicating that adjusting these parameters can help
attain maximum groove depth. Additionally, the recast layer height was found to be most responsive to lamp current
and pulse frequency. This observation suggests that optimizing these settings may aid in achieving the desired
shallow recast layer depth.

This preliminary study provides valuable insights into the complex relationships between operational factors and
machining outcomes during laser micro-machining, offering guidance for researchers and practitioners in the field.



As shown in Table 2 and Table 3, the root-mean-squared training (trn) and checking (chk) errors were employed
to ascertain the effects of single and double input combinations on groove depth and recast layer height. Lamp
current was found to have the most significant influence on both parameters, according to the minimal training error.
Consequently, minor variations in lamp current may lead to considerable changes in these two parameters.

The Adaptive Neuro-Fuzzy Inference System (ANFIS) is a hybrid computational model that combines fuzzy
logic and neural network techniques to provide normalization, generalization, noise resistance, and fault tolerance.
This model excels at handling complex, nonlinear data relationships. In laser micro-machining, ANFIS is utilized to
model and predict the relationships between input (lamp current, pulse width, pulse frequency) and output (groove
depth, recast layer height) parameters. The technique leverages ANFIS’s inherent ability to learn from experimental
training data samples, generating a fuzzy inference system that captures data patterns and correlations.

Once trained, the ANFIS model can make predictions under various conditions, including changes in operational
parameters. The robust normalization and generalization capabilities of ANFIS ensure that predictions for laser
micro-machining remain accurate despite alterations in operational parameters. To validate that the ANFIS model
accurately represents the laser micro-machining process under varying operational conditions, sensitivity tests and
experimental data should be employed. In cases where new information or significant changes in operational
parameters or systems arise, the ANFIS model may require updates.

This study sheds light on the intricate relationships between various operational aspects in laser micro-machining,
introducing new optimization and predictive modeling approaches. Future research could leverage the predictive
power of ANFIS to investigate additional operational factors and their relationships, further enhancing laser micro-
machining operations.
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