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ctrl.Rule(V[L] & P[M7] & (AIL] | AIMY]), T2_ctri['outs_HJ),
ctrl.Rule(V[L] & P[M] & APH], T2_ctri[out7_VHY),
ctrl.Rule(V[L'] & P[HY], T2_ctrifout?_VHY),

ctrl.Rule(V[M] & (P[L7] | P[M]) & (A[L] | AMY),

T2 ctri['out2_L']),

ctrl.Rule(V[M] & (P[L7] | P[M]) & A[H], T2_ctrifout3_LM?),
ctrl.Rule(V[M'] & P[H] & (AIL] | A'M), T2_ctrifoutd M),
ctrl.Rule(V[M’] & P[H] & A[HY], T2_ctrlfouts_MHY),
ctrl.Rule(V[H] & (P[L7] | P[M7]), T2_ctrifoutl VL),
ctrl.Rule(V[H'] & P[H] & (A[L] | A[MY), T2_ctrifout2 L)),
ctrl.Rule(V[H'] & P[H] & A[H], T2_ctrlfout3_LMY]),
ctrl.Rule(V[L] & (S[L] | SIMT), S2_ctrifoutl VL),
ctrl.Rule(V[L] & S[H], S2_ctrifout2_L7),
ctrl.Rule(V[M] & (P[L7] | P[M]) & (S[LT] | S[MY)),

S2 ctrl['outd_M]),

ctrl.Rule(V[M] & (P[L] | P[M]) & S[H], S2_ctri[outs_MHY]),
ctrl.Rule(V[M] & P[H] & (S['L] | SIM]), S2_ctri[out3_LMY),
ctrl.Rule(V[M] & P[H] & S[HY], S2_ctri['outd_M7),

ctrl.Rule(V['H’], S2_ctrl['out7_VH).

The centroid defuzzification method was applied to complete the fuzzy modeling process for the
controlled cleavage of silicate glasses, resulting in quantitative values for the output variables.
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Figure 9. Membership functions of the linguistic variables for the input and output parameters
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Figure 10. Maximum temperature 71 (P6) in the quartz plate at the end of laser treatment versus processing
speed V (P1) and laser beam power, K

As an example, Fig. 10 presents the correlation between the maximum temperature 71 (P6) in
the quartz glass plate at the end of the laser treatment and the processing speed, and laser beam power,
as derived from the fuzzy model.

Neuro-fuzzy model

An Adaptive Neuro-Fuzzy Inference System (ANFIS) approach was applied to develop
a predictive model capable of describing the relationships between the technological parameters of
laser polishing and the resulting characteristics of the quartz glass laser processing. This method is
characterized by its ability to hybridize the adaptive learning mechanisms of neural networks with
the interpretable rule-based structure of fuzzy logic. The modeling was performed in the MATLAB
environment using the Fuzzy Logic Toolbox and the ANFIS editor graphical interface, following the
algorithm presented in Fig. 11 [Zhang, Lei, 2017].

The structure of the developed neuro-fuzzy model is predicated on a first-order Sugeno
fuzzy inference system. Following data analysis and preliminary research, the subsequent network
architecture was established: for each of the five input parameters V (P1), P (P2), A (P3), B (P4),
S (P5), three Gaussian membership functions were assigned. This configuration automatically
generated a fuzzy rule base consisting of 243 rules. The number of rules is determined by the grid
structure; however, ANFIS is prone to overparameterization on limited datasets. Addressing this issue
represents a promising direction for future research.

The neuro-fuzzy model was trained using data from the computational experiment (Table 1) with
a hybrid optimization algorithm. This algorithm combines the least squares method for rapidly adjusting
the parameters of the linear output rules and the gradient descent method for fine-tuning the parameters
of the input membership functions. The rules were generated automatically using a first-order Sugeno
fuzzy inference system, where the rule weights (consequent parameters) were tuned during the training
process. The rule generation was based on a grid partitioning approach, involving an exhaustive search
of all input term combinations.

As an example, Fig. 12 illustrates the relationship between the maximum temperature 7'1 (P6)
in the quartz plate at the end of laser processing and the processing speed V (P1), and laser beam
power P (P2), as predicted by the neuro-fuzzy model.

Neural network model

A feedforward neural network of the multilayer perceptron (MLP) type was implemented to
describe the relationships between the input parameters of laser polishing V (P1), P (P2), A (P3),
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Figure 11. Neuro-fuzzy prediction process for laser polishing of fused quartz

B (P4), S (P5) and the output parameters 7'1 (P6), S1 (P7), T2 (P8), S2 (P9). This implementation
utilized the TensorFlow 2.x library and the high-level Keras API, adhering to the algorithm presented
in Fig. 13 [TonoBko, Kpacuonpomun, 2017; Nikityuk et al., 2022a].

During the development of the neural network, a Sequential model was used, consisting of the
following layers. Input layer, defined by the input data dimensionality and comprising 5 neurons, which
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Figure 12. Maximum temperature 7’1 (P6) in quartz plate at the end of laser processing versus processing speed

V (P1) and laser beam power P (P2)
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Figure 13. Flowchart of the neural network-based modeling process
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corresponds to the number of input parameters. Two consecutive hidden fully-connected (Dense) layers.
The activation function for neurons in both hidden layers is the Rectified Linear Unit (ReLU), selected
for its effectiveness in preventing the vanishing gradient problem and high computational performance.
The number of neurons in the first (nnl) and second (nn2) hidden layers was a variable parameter
during the numerical experiments. Output fully-connected layer, consisting of 4 neurons, one for each
predicted parameter. A linear activation function was used for this layer.

The model was compiled using the Adam optimizer, an efficient stochastic gradient optimization
method with adaptive moment estimation. We employed the default learning rate (0.001) for the Adam
optimizer, as it has proven to be robust across a diverse set of tasks. The mean squared error (MSE)
was selected as the loss function. Each model was trained for 100 epochs.

A grid search was performed to determine the optimal architecture, focusing on two parameters:
the number of neurons in the first (nnl) and second (nn2) hidden layers. Values of {5, 10, 15, 20, 25}
were considered for each layer, resulting in 25 unique architectures in total.

The training and test datasets were generated by solving the corresponding problems using
the finite element method in ANSYS software. The initial 27 combinations of the central composite
experimental design were supplemented with an additional 100 computational combinations, ten of
which were allocated to the test set (Table 2).

Table 2. Test dataset

Pl P2 P3 P4 P5 P6 P7 P8 P9
No. | (V), | (P), (A), (B), (S), (T1), (1), (T2), (52),

m/s A\ m m m K Pa K Pa
1 0.003 57 0.0015 | 0.00275 | 0.00025 | 1975 | 2.05E+07 | 1268 | 3.01E+04
2 0.0011 | 54 | 0.00175 | 0.0025 | 0.00075 | 2028 | 1.84E+07 | 1379 | 2.90E+04
3 0.0018 | 79 | 0.00125 | 0.0030 | 0.00075 | 2125 | 2.65E+07 | 1220 | 4.93E+04
4 0.0024 | 55 0.0015 | 0.00225 | 0.0005 1756 | 1.65E+07 | 811 6.96E+04
5 0.0025 | 63 | 0.00175 | 0.0025 | 0.00075 | 1804 | 1.94E+07 | 893 | 7.63E+04
6 0.0028 | 72 0.0015 | 0.00275 | 0.00075 | 1876 | 2.40E+07 | 898 | 8.27E+04
7 0.0018 | 77 | 0.00125 | 0.00225 | 0.00025 | 2256 | 3.00E+07 | 1205 | 4.35E+04
8 0.0014 | 73 0.0010 0.0030 | 0.0005 | 2173 | 2.45E+07 | 1322 | 3.06E+04
9 0.0019 | 59 | 0.00125 | 0.0020 | 0.00025 | 1994 | 2.63E+07 | 960 | 5.67E+04
10 | 0.0010 | 53 0.0015 | 0.00275 | 0.00025 | 2052 | 1.84E+07 | 1446 | 2.17E+04

The criteria outlined below were used to evaluate the resulting models:
Coefficient of determination:

Mean Absolute Error (MAE):

1 n
MAE = =~ " |d; - y,.
n
i=1

Root Mean Square Error (RMSE):

n

1
RMSE = 4| = = y.)%
S n;@z, )
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Mean Absolute Percentage Error (MAPE):

MAPE = - Z
n i=1

d;—;

' - 100.

i

where d, is the values obtained through the finite element method, y, is the values predicted by the
models.

To account for the explanatory variables that are less significant in the model, the adjusted
coefficient of determination was used:
n—1

Radj=1—(1—R2).—n_p_1,

where n represents the number of observations, and p denotes the quantity of input parameters.

Figure 14 provides four heatmaps, each corresponding to the MAPE (Mean Absolute Percentage
Error) metric associated with one of the four output parameters: MAPE1 for T1, MAPE2 for S1,
MAPE3 for T2, and MAPE4 for $2. The vertical and horizontal axes represent the number of neurons
in the first and second hidden layers, respectively (ranging from 5 to 25 in increments of 5). The figure
employs an inverted grayscale colormap, indicating that darker squares correspond to lower MAPE
error values. Visual analysis shows that there is no single architecture that is absolutely the best for all
four parameters. The optimal configuration depends on the specific target variable.
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Figure 14. Heatmap of MAPE error distribution for predicting output parameters: (a) 71 (P6), (b) S1 (P7),
(c) T2 (P8), (d) S2 (P9)
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To identify the most universal architecture demonstrating the best-balanced results across all four
output parameters, a ranking method based on all eight key metrics (MAPE and Ri dj for each of the
four outputs) was used. As a result, the best-balanced model was determined to have an architecture
with 25 neurons in the first hidden layer and 15 neurons in the second layer (25 x 15). This model
demonstrated high and stable performance across all parameters.

Results and discussion

The quality of each model was evaluated on the test dataset using the following statistical
metrics: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage
Error (MAPE), Coefficient of Determination (R?), and Adjusted Coefficient of Determination (Ri dj).
The metric values for the regression, fuzzy, neuro-fuzzy, and neural network models are presented in
Tables 3-6.

Table 3. Evaluation results of regression models

Statistical metric Model response
T1(P6) | SL(PT) | T2 (P8) | S2(P9)
RMSE 22 1.7E+06 11 4.0E+03
MAE 29 2.0E+06 13 4.5E+03
MAPE 1.1 % 8.2 % 1.0 % 9.1 %
R? 0.9632 0.7659 0.9963 0.9524
Ridj 09172 0.4732 0.9916 0.8929

Table 4. Evaluation results of neuro-fuzzy models

. . Model response
Statistical metric p

TI(P6) | S1(P7) | T2 (P8) | 52 (P9)
RMSE 34 1.8E+06 | 70 | 3.1E+03
MAE 41 20E+06 | 90 | 3.4E+03
MAPE 1.7% 83% | 59% | 78%
R 0.9255 | 0.7614 | 0.8287 | 0.9735
RZ,. 0.8325 | 04633 | 0.6146 | 0.9403

Table 5. Evaluation results of fuzzy models

Statistical metric Model response
T1(P6) | S1(P7) | T2 (P8) | S2(P9)
RMSE 78 2.4E+06 121 6.7E+03
MAE 83 2.8E+06 130 7.5E+03
MAPE 3.9% 11.5% 11.0% 18.0 %
R? 0.6960 0.5414 0.6386 0.8671
Ridj 0.5441 0.3121 0.4579 0.8007

A comparative analysis of the data presented in the tables demonstrates the superiority of the
neural network model (MLP) over the other considered approaches. The neural network model shows
the lowest error values (RMSE, MAE, MAPE) and the highest values of the coefficient of determination
(R? and Ri dj) for all four output parameters. Additionally, the robustness of the neural network model
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Table 6. Evaluation results of neural network models

Statistical metric Model response
T1(P6) | S1(P7) | T2 (P8) | S2(P9)
RMSE 13 4.8E+05 20 1.1E+03
MAE 16 6.6E+05 23 1.4E+03
MAPE 0.7 % 2.2 % 1.6 % 2.8 %
R? 0.9890 0.9749 0.9885 0.9952
Ridj 0.9752 0.9434 0.9742 0.9892

was evaluated using 5-fold cross-validation on the entire dataset. The averaged evaluation scores
obtained further validated the results presented in Table 6.

This superiority is explained by the high capability of the MLP to approximate complex,
nonlinear, and implicit dependencies between the technological parameters and the final quality
characteristics, which are not fully captured by polynomial regression or rule-based fuzzy systems.
It should be noted that a larger amount of data was used to create the quartz glass laser polishing
model compared to the other models. These high accuracy and explanatory power confirm that the
developed neural network model serves as a reliable predictive tool.

Determination of optimal parameters for the laser polishing process
of quartz plates

The development of a sufficiently accurate neural network model, as described in the previous
section, serves not only as a tool for process analysis but also as a foundation for solving the problem
of identifying optimal technological conditions for laser polishing.

Determination of these conditions manually or by enumeration is inefficient due to the
multidimensional nature of the input parameter space and complex nonlinear interrelationships. To
solve this multiobjective optimization problem, a genetic algorithm implemented in Python [Nikitjuk,
Serdyukov, 2023] was applied. This algorithm utilized the previously trained and saved neural network
with the [5-25-15-4] architecture as a surrogate model.

The optimization objective was to find a set of controllable input parameters {V (P1), P (P2),
A (P3), B (P4), S (P5)} that provides the optimal balance between processing efficiency and quality
while adhering to technological constraints.

Target (optimized) parameters were set as follows: maximization of processing speed: V — max,
and minimization of residual von Mises equivalent stress S2 (P9): S2 — min.

Process constraints required the maximum temperature in the processing zone 7'1 (P6) to remain
within 2273 < T'1 <2323 K.

Controlled (input) parameters and their search ranges were defined as follows: speed V:
[0.001, 0.003] m/s, power P: [50, 80] W, semiaxis A: [0.001, 0.002] m, semiaxis B: [0.002, 0.003]
m, scanning pitch S: [0.00025, 0.00075] m.

To solve the presented multiobjective optimization problem, a scalarization method was
employed, which reduces multiple criteria to a single fitness value. The objective function L, which
the genetic algorithm aims to minimize, was constructed following the approach outlined in [Nikitjuk,
Serdyukov, 2023] and includes both the optimization targets and penalty terms for any constraint
violations:

6
LV, P, A, B, $) = ~(a,V = ,52) + > BE,,
i=1
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where
E - 1 if0.001 > V > 0.003 m/s, £ - 1 if50>P >80 W,
"7 10 if0.001 <V <0.003 m/s; 2710 ifS0<P<80W;
o 1 if0.001 > A > 0.002 m, o 1 if0.002 > B > 0.003 m,
3710 if0.001 <A <0.002 m; 4710 if0.002 < B <0.003 m;

if 0.00025 < S < 0.00075m; 1 if2273 < T1<2323K;
a,=a,=05 B;=10, i=1,6.

o {1 if 0.00025 > § > 000075 m, {o if 2273 > T1 > 2323 K,
57 6~
0

The evolutionary process incorporated tournament selection, single-point crossover, and
mutation. The algorithm termination conditions were set at reaching 200 iterations or if the best solution
showed no improvement over 50 consecutive iterations. The multiobjective optimization process using
the genetic algorithm was executed with a population size of 500 individuals.

Figure 15 shows the algorithm’s convergence dynamics, displaying the “raw” fitness values
(excluding penalties) for the best individual (solid line) and the average value across the population
(dashed line) in each generation.
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Figure 15. Convergence process of the genetic algorithm for solving the multiobjective optimization problem of
laser polishing parameters for quartz plates

The graph analysis reveals that rapid convergence occurs during the initial phase (genera-
tions 0-15). The average population fitness (avg) markedly enhances (the value drops from 0 to —0.09)
as the algorithm quickly eliminates inefficient random solutions. Concurrently, an active search for
the best solution (best) occurs, which also shows substantial enhancement. Starting approximately
from generation 15, the algorithm enters a stabilization phase. The average population fitness reaches
a plateau, indicating the achievement of a high overall quality in the gene pool. The best solution also
stabilizes at a value of approximately —0.098, suggesting the discovery of a global or sufficiently deep
local optimum within the search space. As evident from the algorithm’s operation log, starting from
generation 20 onwards, the best-found solution no longer improved, which ultimately triggered the
early stopping criterion.
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The algorithm’s execution resulted in an optimal combination of technological parameters
that fully satisfies the specified temperature constraints and provides the best compromise between
processing efficiency and quality. The optimization results are presented in Table 7.

Table 7. Results of multiobjective optimization

Pl P2 P3 P4 P5 P6 P7 P8 P9
No. | (V), | (P), | (A), (B), ($), (1), (s1), (12), (S2),
m/s \\% m m m K Pa K Pa

1 | 0.0017 | 79 | 0.0016 | 0.0026 | 0.0004 | 2283 | 2.75E+07 | 1306 | 3.93E+04
(2225) | 2.78B+07 | (1342) | (3.77E+04)

The values in parentheses represent the parameters derived from finite element modeling of the
laser polishing process applied to the quartz plate, using the optimal factor values identified through
the genetic algorithm. The established output parameters demonstrate that the errors do not exceed 5 %.

Conclusion

The study presents a comprehensive analysis and modeling of the fused quartz laser polishing
process, aiming to develop effective tools for predicting its key characteristics.

In the first stage, a finite element model was developed and verified, accurately describing
the distribution of temperature and stress in the material under CO, laser exposure. From the data
obtained during the computational experiment, four predictive models were constructed and analyzed:
regression, fuzzy logic, neuro-fuzzy, and neural network models.

The comparative analysis revealed that, while regression and ANFIS models can describe the
general trends of the process with acceptable accuracy, they are somewhat limited in their ability to
capture the full complexity of the nonlinear relationships between the technological parameters of
quartz glass laser polishing. The highest performance was demonstrated by the multilayer perceptron
(MLP) neural network model. Owing to its flexible architecture and training on an extended dataset,
this model achieved superior predictive accuracy across all output parameters, as confirmed by adjusted
coefficient of determination values exceeding 0.97 and a mean absolute percentage error below 3 %.

An important phase of the research involved applying the developed neural network model to
determine the optimal technological conditions for laser polishing of fused quartz. A genetic algorithm
was employed for this purpose, utilizing the neural network as a surrogate model for rapid fitness
evaluation. The genetic algorithm successfully identified an optimal combination of technological
parameters that fully satisfies the specified temperature constraints and achieves the best compromise
between processing efficiency and quality. For verification, the optimization results were validated
using finite element modeling, which confirmed the high predictive accuracy of the neural network
model, i. e., the error for output parameters did not exceed 5 %.

Thus, methods involving artificial intelligence, particularly neural networks, represent a powerful
and effective tool for modeling and optimizing complex technological processes. Overall, the resulting
models and the optimization approach can be applied to select optimal processing parameters, minimize
experimental efforts, and develop intelligent control systems for technological processes.
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