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ABSTRACT
Currently, driven by the increasing demand for precision in optical and mechanical components,
complex surfaces are now required to maintain profile errors within micrometric tolerances. The
development of profile error prediction models is, therefore, not merely a technical solution but
a vital instrument for optimizing product quality, enhancing cost-effectiveness, minimizing scrap
rates, and streamlining machining lead times. This study presents a predictive model for the form
error of spherical surface (SS) on Al6061 aluminum alloy during ultra-precision turning (UPT) using
a single-crystal diamond tool. The prediction model was developed based on a back-propagation
(BP) neural network (NN) structure. The dataset for establishing the predictionmodel was collected
from 30 precision machining experiments on spherical surfaces. To ensure the objectivity and re-
liability of the data, the fixturing and alignment procedures as well as the measurement method
for profile error were standardized and thoroughly modeled. The cutting parameters, including
spindle speed (n – rev/min), feed rate (F - mm/min), and depth of cut (ap - µm), were identified as
independent variables to establish the relationship with the profile error. The determination of the
appropriate neuron ratio between layers was investigated through six specific network structures.
The criteria for evaluating the prediction quality of the neural network included the coefficient of
determination (R2), mean squared error (MSE), and mean absolute percentage error (MAPE). Ac-
cordingly, the artificial neural network ANN structure 3:5:20:1 delivered the best prediction perfor-
mance, achieving an R2 value of 1, MSE of 26.9, RMSE of 5.19, andMAPE of 0.2%. The results not only
confirm the effectiveness of the proposed method but also provide a reliable scientific foundation
for the development of profile error prediction models. At the same time, this study demonstrates
the potential for extending the application to other complex surfaces such as aspheric surfaces,
diffractive surfaces, or on different substrate materials.
Key words: Ultra-Precision Turning, Spherical surface, Form error, Neural Network

INTRODUCTION
Ultra-precision machining (UPM) technology is an
achievement from the combination of modern tech-
nology and advanced mechanical processing tech-
nology to improve machining accuracy. UPM
technology forms several types, including super-
precision cutting, super-precision grinding, and
super-precision special machining1. Currently, UPM
is a development direction of modern manufacturing
with products with micrometer and nanometer level
precision2. UPT is one of the UPM methods men-
tioned above and it is used tomachine parts with high
roughness and form accuracy of SS3,4. UPT is ap-
plied in fields such as medicine, aerospace, military,
and automobiles 5. In particular, UPT is also applied
in the field of optical lens manufacturing and lens
mold6–8. Optical lenses with SS are a popular type

of lens, widely used in the field of optics, leading to
the need for lens production to be of interest and re-
search. The spherical mold used to cast lenses 9 has a
spherical surface created by a tool path that is a circu-
lar curve.
Optical lens technical criteria are evaluated by size tol-
erance, roughness surface, in addition to a very im-
portant criterion, form error (FE) 10,11. In the optical
glass manufacturing industry, form accuracy require-
ments are considered an extremely important issue
because it directly affects optical performance, light
beam precision and resolution. To ensure that optical
lenses have high precision, require minimal machin-
ing, and enhance both efficiency and quality of man-
ufacturing, the optical lens molding molds must have
as high precision as possible. Copper parts FE with SS
is considered in9 with the evaluation of the influence
from cutting tool deflection during the UPT process.
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A method to improve the lens casting process by im-
proving the mold form accuracy in machining on an
UPT is described in 7.
In recent years, with the development of computer
science, artificial neural networks (ANN) have be-
come a popular choice in building predictive mod-
els. The biggest advantage of artificial neural networks
is their ability to effectively model linear or nonlin-
ear and complex relationships between multiple in-
put factors (3 input parameters: spindle speed, cut-
ting depth, feed rate) and output parameters (1 pa-
rameter: profile error)12. These are relationships that
are difficult or impossible to fully represent with tra-
ditional mathematical models. Developing a neural
network often requires a complete data set to ensure
the training process and produce results that can gen-
eralize well to the input data 13. In addition, ANN also
have the ability to respond appropriately to different
types of input data, demonstrating high flexibility and
adaptability to complex problems14. Although ANN
has many advantages, there are still some notable dis-
advantages such as overfitting (when the model only
remembers the provided data). However, some fea-
tures can be adjusted in the network to optimize the
neural network, making it suitable for solving prob-
lems in the mechanical field (the problems are often
nonlinear and complex). M. O. Okwu et al.13 built
an ANN network model in predicting surface rough-
ness in the drilling process. The effectiveness and
reliability of ANN in establishing prediction mod-
els are also compared with other prediction models
and presented in detail in 15. Artificial intelligence
networks include forward propagation networks16,
BP networks12, and convolutional networks15. The
back propagation (BP) network model is popular and
widely used because of its superiority and high accu-
racy 17. Additionally, using Gradient Descent tech-
nique in the BP network improves prediction accu-
racy 18,19. Specifically, the BP network has been ap-
plied and presented in predicting the material re-
moval rate when turning Al6061 alloy20. Establishing
a model to predict surface quality 21 in turning stain-
less steel.
In practice, there are many regression methods to de-
velop predictive models for form error, such as Re-
sponse Surface Methodology (RSM) (including Box-
Behnken and Central Composite Designmodels), the
Taguchi method, Grey regression, multivariate re-
gression, Genetic Programming, andArtificial Neural
Networks (ANN). Each method has its own advan-
tages and disadvantages, and ANN is no exception.
The reason this study employs neural networks is due
to several reasons as follows:

(1) The type of machining in this study is ultra-
precision machining, about which little knowledge
has been published, especially regarding the influence
of cutting parameters on the objective functions (form
error, surface roughness).
(2) When using popular regression methods such as
RSM, Taguchi, and Grey, the results evaluating the in-
fluence of each parameter or parameter pair on the
objective function show complex and hard-to-control
characteristics or fail to fully describe the relation-
ships between variables. These regression models
are generally accurate for most conventional machin-
ing processes but are limited by the type of predic-
tive model (first- or second-order models). Using
higher-order predictive models may still fail to accu-
rately capture the underlying nature or lead to non-
convergent predictions. These issues are also present
in ultra-precision machining.
(3) ANNmodels do not depend on the form of the re-
gression equation but only on the nature of input data,
the activation functions, and the appropriate network
structure (number of layers or number of neurons
in each hidden layer). Many previous studies have
shown that ANN can effectively describe nonlinear
and complex relationships between input factors and
output parameters. In practice, training ANN with
experimental input datasets has yielded promising re-
sults and demonstrated high accuracy in predicting
form error values, as presented in this research.
This article focuses on establishing a model to predict
form accuracy in ultra-precisely turning an Al6061
spherical mold with a diamond tip through the inves-
tigation of ANN structures. These network structures
have a fixed number of layers, the number of neurons
in each layer varied according to a specific ratio. The
most suitable BP network structure is selected based
on the criteria of suitability and accuracy. The evalua-
tion and comparison results can be used as a basis for
establishing similar network structures in the future.

RESEARCH CONTENT
Experimental setup
The entire experiment was performed on a
Nanoform® X ultra-precision diamond lathe
(Fig. 1). The Al6061 billet has a height of 20mm,
an outer diameter of 30mm and a sphere radius of
19.5mm. FE were measured with the Form Talysurf
® i-Series PRO instrument (Fig. 2). This device is a
highly precise measurement instrument utilized for
assessing FE in spherical, aspherical, and diffractive
surfaces. It has a measuring range of up to 20mm and
a resolution of up to 0.2 nm.
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The chemical composition of the workpiece material
is presented in Tab. 1. Fig. 3 depicts some spherical
blanks used for UPT machining.
Diamond turning tool NN60R0635mWGC-MS0454
has basic parameters including tip radius of 0.649
mm, front angle of - 250, rear angle of 100, cutting
height of 7.475mm, tool tip material of natural di-
amond. The cutting tool parameters are described
specifically in Fig. 4.

Figure 1 Machine: Ultra-Precision Turning
Nanoform®X [Source: Authors]

Figure 3: Al6061 Spherical Workpiece [Source: Au-
thors]

Figure 4: Diamond tool [Source:Authors]

Figure 5: Machining system [Source: Authors]

Fig. 5 depicts the technological system including a
UPT machine with vacuum chuck, fixture, spherical
blank and diamond cutting tool. Amist coolant spray
system is used simultaneously to continuously blow
away chips to avoid leaving scratches on the product
surface.
The experiments were conducted with different cut-
ting modes and within the recommended range from
the cutting tool supplier, the capabilities of the UPT
machine and through some preliminary experiments.
The experimental matrix used to design experiments
is established according to the Box-Berken experi-
mental model and Center Composite Design. These
two models are typically used in many different stud-
ies22. They help reduce the number of experiments
while still providing complete information and accu-
rate assessment of factors affecting product quality.
The total number of experiments is 30 and the range
of experimental values is described in Tab. 2. The spe-
cific values of the experiments are described in detail
in Tab. 7.

Research calibration
In order to obtain the experimental results for this re-
search, the following calibration procedures were im-
plemented: (1) themachine calibration procedure, (2)
the measurement equipment calibration procedure,
and (3) the measurement data processing procedure.
First, the calibration procedure for the ultra-precision
lathe is described in the diagram shown in Fig.6 be-
low. It should be noted that Steps 3 and 4 are the
most critical, as they have a direct impact on the FE
of the SS. The runout correction process (Step 3) is
performed by using a rubber hammer to compensate
for the asymmetry error about the spindle axis. The

2861
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Figure 2: Form Talysurf® Measurement Machine
[Source: Authors]



Table 1: Chemical composition of Al606121

No. Mg Si Mn Ti Z Cu Fe Cr Al

wt.% 0.8-1.2 0.4-0.8 0.15 0.15 0.25 0.15-0.4 0.7 0.04-0.35 Balance

Table 2: Limit the range of experimental parameter values [Source: Authors]

Cutting
parameters

Minimum
value

Maximum
value

Low level
(-1)

Basic level
(0)

High level
(+1)

Vari-
ables

n (rev/min) 823.44 2176.56 1000 1500 2000 x1

F (mm/min) 1.47 28.53 5 15 25 x2

ap (µm) 0.9406 9.06 2 5 8 x3
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Figure 6: Ultra-precision lathe calibration diagram [Source: Authors]



workpiece runout is displayed on the UPT machine
screen. The operator adjusts the workpiece based on
the error shownon themachine, as illustrated in Fig.7.

Figure 7: Workpiece runout adjustment (Step 3)
[Source: Authors] (a) workpiece runout adjustment;
(b) workpiece runout display screen

The spindle runout correction process (Step 4) is per-
formed automatically and is integrated into the UPT
machine system. The operator plays a role in adjust-
ing measurement parameters such as spindle speed,
expected feed rate, and runout compensation by tun-
ing the set screws on the chuck. The adjustment pro-
cess and its results are illustrated in Fig.8.

Figure 9: Calibration and setup of the measuring
[Source: Authors] (a) adjustment and setup of the FE
measurement system; (b) FE results display screen

Fig.9 illustrates the measuring device and the actual
measurement results of the spherical surface form er-
ror. (2) The calibration diagram of the measurement
process for spherical surface form error is shown in
Fig.10.
(3) Measurement data calibration
The measurement data obtained from the experi-
ments will be normalized using the data normaliza-
tion technique before being fed into the neural net-
work training. This process is necessary for data with

different units and scales to bring the data onto a
common value range. Calibration helps prevent im-
balance and bias toward factors with larger absolute
values during training. In particular, the calibration
process improves the convergence speed of the ANN
training, reduces errors during network propagation,
and enhances the stability and accuracy of the model.
The normalization method used is Min-Max normal-
ization, which scales all values to the range [0, 1] ac-
cording to the formula:

xnorm =
x−xmin

xmax −xmin

Where, x is the original value of the input or output
variable; xmin is the minimum value in the dataset
of that variable; xmax is the maximum value in the
dataset of that variable xnorm is the value after nor-
malization.

Artificial neural networkmodel

The BP network model is built through the differen-
tiation of the loss function from the last layer back to
the first layer to continuously adjust the coefficients
bi and wi accordingly12,15,20,23. The last layer is com-
puted first because its value is close to the expected
output level. Calculating the derivative for previous
layers is done based on the ”Chain rule”. The deriva-
tive is calculated step by step for the objective func-
tion and the algorithm stops when the loss function
reaches itsminimumvalue or the number of iterations
is limited. The steps to implement the algorithm can
be illustrated as shown in Fig. 11.
One of the advantages of the BP network is to avoid
the phenomenon of high bias. This is the phe-
nomenon in which the optimal set of parameters is
found too quickly and satisfies the global optimal
value. At this point, the entire algorithm loop in
the BP network only receives a single set of values.
That makes the ANN network not reliable enough to
draw conclusions. However, the disadvantages of this
method become apparent when the ANN structure is
complex. Accordingly, calculating the loss function
also becomes quite complicated.
The R215, MSE24, RMSE7 and MAPE25 indexes are
used to assess the quality and suitability in training
NN.Those indicators are described specifically in Tab.
3 where is the measured value from experiments; is
the predicted value; n is the total number of experi-
ments.

2863
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Figure 8: Spindle runout correction (Step 4)
[Source: Authors] (a) spindle dynamic runout
adjust-ment; (b) spindle dynamic runout display screen



Figure 10: Calibration process of measuring surface formerror [Source: Authors]

Table 3: Model evaluation criteria. 7,15,24,25

No. Indexs Formula Significances

1 R2 R2 = 1−

∣∣∣∣∣∣∣∣∣
n

∑
i=1

(yi − ŷi)
2

n

∑
i=1

(ŷi)
2

∣∣∣∣∣∣∣∣∣ Evaluate the appropriateness of the regres-
sion model

1
n

1
n

2

4 MAPE MAPE = 100. 1
n ∑n

i=1

(
|yi−ŷi |

ŷi

)
Evaluate the deviation of predicted values
from actual values, calculated in percentage.

Calculation results and discussion

The BP network is designed with an input layer of 3
variables including cutting speed (n - rev/min), feed
speed (F - mm/min), depth of cut (ap - µm). The out-
put layer is the deformation error value (PV - nm).
Some studies such as26,27 have evaluated the suitabil-
ity and accuracy of NN through changing the struc-
ture. Combined with some experiments using an
ANN with three input variables, the number of neu-
rons in the first hidden layer is chosen to be five, which
yields correct results and high accuracy 28. The basic
parameters of the BP network are presented specifi-
cally in Tab. 4.

With the number of neurons in hidden layer 1 of the
NN fixed and the ratio of neurons between hidden
layers changing specifically as follows: (1:1), (1:2),
(1:3), (1:4), (1:5), and (1:6) correspond to the struc-
tures specifically described in Tab. 5. Results of
BP network quality assessment corresponding to the
cases for all data are expressed through specific indi-
cators. These metrics are computed based on the con-
gruence between empirical data and predicted out-
comes
All 6 networkmodels have an R2 index approaching 1
and equal to 1. This shows that the prediction models
have a very high level of agreement with actual data.
The indicators of prediction accuracy such as MAPE,
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2 MSE MSE = ∑n
i=1 (yi − ŷi)

2

3 RMSE RMSE = 
√ m

ac
o
cu
d
r
e
a
l.
te
Th
it
e
is
smaller the value, the more

  ∑n
i=1 (yi − ŷi)

Assessment the accuracy of the prediction 



Figure 11: Diagram of BP neural network [Source: Authors]

Figure 12: MAPE, MSE, RMSE values correspond
tostructural ratios [Source: Authors]

MSE, RMSE show differences between models. The
bar charts in Fig. 12 compare the MAPE, MSE, and
RMSE values with those in Tab. 5. The training re-
sults of NN with different structures are also shown
through regression models as depicted in Fig. 13, Fig.
14 and Fig. 15.
The regression chart shows that the performance and
fit of each structure with the entire data are high, all
regression results have R > 0.95. Through the results

Figure 13: Regression value of network structures
3-5-5-1(a) và 3-5-10-1 (b) [Source: Authors]

obtained, the 3-5-20-1 structure corresponding to the
ratio of the number of neurons between layers of 1:4
gives the highest regression index of the prediction
model with experimental data (R = 0.993) (Fig. 14b).
Based on the criteria described in Fig. 12 and the R
regression charts in Fig. 13, Fig. 14 and Fig. 15,
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No. BP network parameters Value

1 Number of input layer variables 3

2 Number of output layer variables 1

3 Number of hidden layer neurons 1 5

4 Number of hidden layer 2 neurons (in 6 different scales) Tab. 5

5 Data sharing ratio: Training / Validation/ Test 80%/10%/10%

6 Number of experiments 30

7 Transfer function Logsig

8 Training function traingdx

9 Number of training iterations
(Maximum number of epochs to train)

20000

10 Fitness function MSE

11 Learning rate 0.01

12 Ratio to increase learning rate 1.05

13 Ratio to decrease learning rate 0.8

14 Momentum constant 0.9

Table 5: Structure table and calculation results of R2, MSE andMAPE indicators [Source: Authors]

structure

R2 MSE MAPE(%) RMSE

Train Test All
data

Train Test All
data

Train Test All
data

Train Test All data

5-5 0.99 0.99 0.99 157.75 520.0 194.66 0.80 1.47 0.87 12.56 22.80 13.95

5-
10

0.99 0.99 0.99 107.85 1068 200.23 0.60 1.93 0.74 10.39 32.68 14.15

5-
15

0.99 1.00 0.99 81.58 2.192 70.40 0.54 0.12 0.49 9.03 1.48 8.39

5-
20

1.00 1.00 1.00 35.43 15.72 30.95 0.28 0.33 0.28 5.95 3.97 5.56

5-
25

0.99 1.00 0.99 107.83 10.94 102.34 0.65 0.25 0.64 10.38 3.31 10.12

5-
30

1.00 1.00 1.00 46.956 0.641 37.67 0.33 0.07 0.28 6.85 0.80 6.14

the structure 3-5-20-1 gives the best prediction re-
sults (Fig. 17). Training the BP neural network not
only on the choice of program structure but also on
the number of times the program is newly trained.
At each training session, the value set serving the
processes ”Training”, ”Validation” and ”Test” is ran-
domly selected at a ratio of 80% :10% :10% respec-
tively. This leads to different results at each activation.
That demonstrates the objectivity of the process of es-
tablishing and choosing the network structure. The 3-

5-20-1 structure went through 6 consecutive runs to
select the most optimal data set and the survey results
are shown in Tab. 6.
The survey results betweenmodel training activations
are also visually depicted in Fig. 12. From Tab. 6 and
Fig. 17, through the R2, MSE, RMSE and MAPE in-
dices, we see that the 4th run gives the best results with
a regression index on the entire data of R = 0.994 and
a regression index on the training data is R = 0.993
which is clearly shown in Fig. 18.
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Table 4: BP network structure parameters [Source: Authors]

Network
structure



Table 6: Indicators R2, MSE, RMSE andMAPE ofthe 3-5-20-1 structure [Source: Authors]

runs

R2 MSE MAPE(%) RMSE

Train Test All
data

Train Test All
data

Train Test All
data

Train Test All
data

1 1.00 1.00 1.00 35.43 15.72 30.95 0.28 0.33 0.28 5.95 3.97 5.56

2 0.99 0.99 0.99 88.77 93.53 88.25 0.67 0.69 0.66 9.42 9.67 9.39

3 0.99 0.99 0.99 147.05 192.01 153.43 0.89 1.10 0.91 12.13 13.86 12.39

4 1.00 1.00 1.00 33.37 1.6454 26.90 0.23 0.09 0.20 5.78 1.28 5.19

5 1.00 1.00 1.00 34.10 4.99 27.79 0.25 0.12 0.22 5.84 2.23 5.27

6 1.00 1.00 1.00 36.27 0.03 29.19 0.29 0.01 0.24 6.02 0.16 5.40

Figure 14: Regression value of network structures
3-5-15-1 (a) và 3-5-20-1 (b) [Source: Authors]

Figure 16: The structure illustrates the 3-5-20-1 net-
work [Source: Authors]

Tab. 7 shows the experimental results of actual FE
(FE_ex) and prediction FE (FE_pre) results with the
3-5-20-1 structure and the difference value (%) be-
tween them. Fig. 19a depicts the SS form error be-
tween the experimental measurement results and the
predicted value in Tab. 7.

Figure 18: Regression value of network structure 3-
5-20-1 at the 4th run [Source: Authors]

Fig. 19b shows the difference between the predicted
value and the actual value. Those difference values are
all very small and close to 0. There are only 3 cases
with error values from 1.1% to 2.3%, in experiment
number 13, 14, 15. The remaining cases show very
high prediction accuracy with a difference of less than
0.3%.
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Figure 17: MAPE, MSE, RMSE values of 3-5-20-1 dur- 
ing training sessions [Source: Authors]

Figure 15: Regression value of network structures 
3-5-25-1 (a) và 3-5-30-1 (b) [Source: Authors]

Number 
of runs



Table 7: Compare predicted results and actual results [Source: Authors]

No. (rev/min) F (mm/min) ap
(µm)

FE_ex
(nm)

FE_pre
(nm)

Difference
(%)

1 1000 5 5 1001.1 998.90 0.220

2 2000 5 5 1003.0 1002.85 0.015

3 1000 25 5 1038.8 1038.99 0.018

4 2000 25 5 1023.2 1021.54 0.162

5 1000 15 2 1015.6 1015.08 0.051

6 2000 15 2 1078.1 1078.02 0.007

7 1000 15 8 1074.3 1074.37 0.007

8 2000 15 8 973.9 973.37 0.054

9 1500 5 2 959.2 959.36 0.017

10 1500 25 2 1002.5 1002.24 0.026

11 1500 5 8 961.1 960.23 0.091

12 1500 25 8 950.2 950.00 0.021

13 1500 15 5 1008.7 997.16 1.144

14 1500 15 5 1008.7 997.16 1.144

15 1500 15 5 974.3 997.16 2.346

16 1000 5 2 871.3 871.60 0.034

17 2000 5 2 958.3 958.19 0.011

18 1000 25 2 905.9 906.12 0.024

19 2000 25 2 982.0 982.23 0.023

20 1000 5 8 956.0 958.20 0.230

21 2000 5 8 913.1 913.31 0.023

22 1000 25 8 1026.4 1026.01 0.038

23 2000 25 8 1018.4 1019.08 0.067

24 823 15 5 1078.5 1079.22 0.067

25 2177 15 5 1004.7 1004.49 0.021

26 1500 2 5 954.8 954.82 0.002

27 1500 29 5 964.0 964.19 0.020

28 1500 15 1 971.0 971.08 0.008

29 1500 15 9 994.1 994.48 0.038

30 2000 15 5 1012.4 1014.03 0.161
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Figure 19: Predicted vs. measured values (a) and
their deviation (b) [Source: Authors]

CONCLUSIONS
Ultra-precise turning of lens surfaces (spherical, as-
pherical, diffractive) in general and SS in particular is
being strongly developed in some countries with ad-
vanced science such as the US, UK, China, India and
Japan. Although the potential applications of ultra-
precision surfaces have been proven inmany different
important fields, the issue of mastering UPM equip-
ment and technology is still a hot issue andmany chal-
lenges. This article has approached UPT technology
in the direction of experimental research with quality
control of typical SS machining. This is the base sur-
face for different types of lens surfaces as well as their
various applications.
The NN was chosen as the research object to estab-
lish a model to predict spherical FE Al6061. This
choice is suitable for reality because UPM technol-
ogy as well as high-speed machining technology have
many differences compared to traditional machining
methods. Controlling quality factors at the microme-
ter or nanometer level is truly a big challenge. There-
fore, choosing a NN prediction model is most appro-
priate.
Accordingly, with 3 inputs and 1 output in 30 exper-
iments, along with the survey of 06 NN models, this
study has identified a 3-5-20-1 structure correspond-
ing to the ratio of neurons between two hidden layers
of 1:4 that aremost suitable in structures. The reliabil-
ity of themodel is confirmed based on 04 quality indi-
cators with 2 levels of evaluation. Level 1 is to evaluate
between structures to choose themost appropriate ra-
tio of 1:4 (R2 = 1, MSE = 30.95, RMSE = 5.56, MAPE
= 0.28%). Level 2 is to assess the 3-5-20-1 structure
between different training times due to the random
nature of data set selection in the processes.
The results of this research are directly applied in pre-
dicting and controlling Al6061 spherical surface FE in
UPT machining.
For spherical surfaces, the main geometric difference
lies in the radius size of the sphere. The quality cri-
teria include the spherical form error, surface rough-
ness, and the radius dimension. Therefore, consider-
ing only the geometric aspect, this study can be fully

applied to all spherical surfaceswith different radii but
made from the same type of material. Up to now,
there are virtually no limitations regarding the geo-
metric factors of spherical surfaces.
At the same time, it also has important value in estab-
lishing models to predict other surface quality factors
such as roughness, dimensional errors or other crite-
ria.

ABBREVIATIONS
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SS: Spherical surface
UPT: Ultra-precision turning
BP: Back-propagation
ANN: Artificial neural networks
FE: Form Error
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RMSE: Root mean squared error
RSM: Response Surface Methodology
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TÓM TẮT
Hiện nay, trước yêu cầu ngày càng cao về độ chính xác của các chi tiết quang học và cơ khí chính
xác, các chi tiết có bề mặt phức tạp đòi hỏi sai số biên dạng ở mức micromet. Việc phát triển các
mô hình dự đoán sai số biên dạng không đơn thuần là một giải pháp kỹ thuật mà còn là công cụ
quan trọng trong việc tối ưu hóa chất lượng sản phẩm, tối ưu chi phí, giảm tỷ lệ phế phẩm và giảm
thời gian gia công. Nghiên cứu này trình bày mô quy dự đoán sai số biên dạng bề mặt cầu trên
nền vật liệu hợp kim nhôm Al6061, khi tiện siêu chính xác (UPT) bằngmũi dao kim cương đơn tinh
thể. Mô hình dự đoán được phát triển dựa trên cấu trúc mạng nơ ron lan truyền ngược (BPNN). Bộ
dữ liệu để thiết lập mô hình dự đoán được thu thập từ 30 thí nghiệm gia công tinh bề mặt cầu. Để
đảm bảo tính khách quan, tin cậy của dữ liệu, quy trình gá đặt điều chỉnh cũng như phương pháp
đo lường kết quả sai số biên dạng đều đã được chuẩn hóa và mô hình hóa chi tiết. Các thông số
cắt bao gồm tốc độ trục chính (n), tốc độ chạy dao (F) và chiều sâu cắt (ap) được xác định là các
biến độc lập để thiết lập mối quan hệ với sai số biên dạng. Việc xác định tỉ lệ số nơ ron phù hợp
giữa các lớp được khảo sát thông qua 06 cấu trúc mạng cụ thể. Các chỉ tiêu đánh giá chất lượng
dự đoán của mạng nơ ron bao gồm chỉ số R2 , MSE và MAPE. Theo đó, cấu trúc ANN 3:5:20:1 cho
kết quả dự đoán tốt nhất với chỉ số R2 đạt 1, MSE là 26,9, RMSE là 5,19 và MAPE là 0,2%. Kết quả
không chỉ khẳng định tính hiệu quả của phương pháp đề xuất mà còn cung cấp cơ sở khoa học
đáng tin cậy trong việc phát triển các mô hình dự đoán sai số biên dạng. Đồng thời nghiên cứu
này cũng cho thấy tiềm năng mở rộng áp dụng cho nhiều bề mặt phức tạp khác như bề mặt phi
cầu, bề mặt nhiễu xạ hay trên các nền vật liệu khác nhau.
Từ khoá: tiện siêu chính xác, mặt cầu, sai số biên dạng, mạng nơ ron nhân tạo
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