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Abstract. The problem of dimension deviation still happens in CNC milling
operation, although using a modern machine completed with many advanced
features. This study aims to get a prediction model for calculating the dimension
deviation using selected machine parameters such as feed rate, cutting speed,
axial depth of cut, and radial depth of cut. The study is to find the best solution
for machine parameter configuration to restrain the dimension deviation so that
the dimension deviation can be controlled. The method in this study is response
surface methodology. Analyzing data collected from the experiment, the
prediction model of dimension deviation based on response surface methodology
is very accurate, with a coefficient correlation of 0.89, RMSE 5.52%, MAPE
0.938%, and R-Square 0.8. The 89% of the prediction model lies in the range of
0.20 um. The dimension deviation can be restrained to 0.1 pm. The objective to
find the value of parameters that can restrain the dimension deviation using the
response surface methodology approach has been shown. The delay as an effect
of dimension deviation can be eliminated. Finally, this study can trigger an
adoption study on another manufacturing CNC milling machine.

Keywords: Dimension deviation, Dimension prediction, RSM, CNC milling,
Machine parameter.

1 INTRODUCTION

The CNC milling machine is a state-of-the-art machine tool with the largest
population used in the manufacturing sector, especially in machining (Pavanaskar,
2014). Precise CNC milling settings significantly impact machining results (Vishnu et
al., 2015). Thus, The significance of milling machines as a central component in
machining should not be underestimated (Pavanaskar, 2014; Wang et al., 2019).
Modern CNC milling makes achieving product dimension targets easier. However, this
convenience has not ensured dimensional achievement. There is still uncertainty in
achieving dimension, and dimension deviation still occurs. Dimension deviation
consists of several conditions, namely undercut and overcut. In this study, undercut
deviation is the condition in question.

From the technical aspect, dimension deviations result in no potential for not being
able to be assembled, unable to work, decreased product performance, loss of
compatibility and interoperability aspects, potential decline in safety aspects, non-
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achievement of standards and regulations, and delays (Sarkar et al., 2018). On the
economic aspect, the impact is the potential for a decrease in sales, the potential for
customer loss, the emergence of costs for recovery (rework), the emergence of potential
reputation decline, and the emergence of additional production costs, to the risk of
facing lawsuits and legal sanctions. Dimensions in the product have a dominant role.
Considering the importance of dimension, dimensional deviations are essential things
to be studied and avoided (Smith, 2021).

In machining CNC milling machines, various factors cause dimensional deviations
ranging from the material characteristics of the workpiece, the properties of cutting
tools, and the machines used to the machining parameters. Machine behavior is directed
by controlling the parameters so that the product's shape follows the requested technical
specifications, such as the dimension of the product, which is one of the intended
technical specifications (Camposeco- Negrete, 2015). The process will run well, the
product will function accordingly, and the associated economic aspects will be positive
when the dimensions meet the specifications.

Parameter settings are used as input to produce a response following the request for
technical specifications. One response that becomes the manufacturing need is to get
product dimensions that meet the technical drawing (Zhong et al., 2016). Dimension
deviation is a distortion from the technical specifications used as responses in this study.
Dimension deviation is the last response of the product, which is an advanced response
of material removal rate, processing time, and cutting tool wear. Previous studies found
that the increase in cutting speed, feed rate, and depth of cut initiates material removal
rate (Vardhan et al., 2017). Tsao's research revealed that increased cutting tool wear
increased the dimension deviation to 0.117 mm (Tsao, 2009). The findings of Hricova
show that dimensional accuracy is associated with a decrease in cutting speed when
machining aluminum alloy (Hricova et al., 2014). The increased cutting tool wear due
to increased spindle speed causes dimensional deviation. Previous research found that
dimensional deviation is influenced by feed rate, axial depth of cut, and spindle speed
(Wibowo et al., 2018; Zhao et al., 2020). Lin also found that dimensional accuracy is
affected by spindle speed, feed rate, cutting depth, tool geometry, and vibration (Lin et
al., 2020; Wibowo et al., 2022).

A study comparing prediction results using a multi-linear regression approach with
an artificial neural network concludes that the artificial neural network approach
provides more accurate results characterized by a 17% increase in R-value compared
to the multiple regression approach. However, it is essential to note that the use of
artificial neural networks has limitations, including the need for large data sets for good
predictions, as well as non-adaptivity to data outside the training set, which can result
in inappropriate predictions for new data (Patel & Brahmbhatt, 2016). Several aspects
of uncertainty in CNC milling machining influence the dimension of non-achievement.
Uncertainty conditions can occur because of material element heterogeneity, cutting
tool wear, and machining parameters (Kumar et al., 2019).

Cheng et al. emphasized the importance of dimensional accuracy related to product
function and aesthetics (Chen et al., 2021). Maximizing dimensional accuracy will
reduce uncertainty. The additional processes to revise the dimensional deviation are
lower. Therefore, through a back propagation neural network approach, dimensional
accuracy is analyzed and predicted by considering the input variables of spindle speed,
feed rate, and width of cut. The RMSE result of BPNN is much smaller, 0.008,
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compared to the linear regression method, which reaches 0.021. Response surface
methodology (RSM) and artificial neural network (ANN) are applied to compare
prediction performance with dimensions such as the response and spindle speed, feed
rate, and axial cutting depth as inputs (Yanis et al., 2019). The findings showed that the
ANN produced more accurate predictions than the RSM model. However, RSM has
limitations in the case of non-linear interactions.

Fountas et al. reported research on optimization with single and multiple objective
functions through ANN-based approaches, genetic algorithms (GA), evolutionary
algorithms (EA), and hybrid approaches in the use of CNC milling machines (Fountas
et al.,, 2012). This study proved that the ANN-based method has a more optimal
performance in terms of functionality. Meanwhile, Burhanudin confirmed that the helix
angle significantly contributes to achieving dimensional aspects in CNC milling
operations (Burhanudin et al., 2022). However, given that the helix angle of each
cutting tool is unique to the cutting tool manufacturer, including the helix angle as one
of the input variables is impractical and difficult to implement in CNC milling machine
operations. The previous studies still leave space for further research using CNC
milling for uncertainty minimization, namely dimensional deviation minimization. This
research aims to obtain a prediction model of dimensional deviation in CNC milling
and then optimize it to diminish the impact of dimensional deviation.

The research on dimensional accuracy is just a few because CNC milling machines
offer features to fix deviations quickly. However, with these features, the essence of
green machining, where machining time is kept lower, becomes unbiased. With this
research, the extra time to make corrections due to dimensional discrepancies will
decrease, so the benefits of time-saving and cost-saving increase.

In this study, an RSM is used to make predictions, study the phenomenon of
dimensional deviation, and optimize the process. RSM has the flexibility to model the
relationship efficiently (Seraj et al., 2022; Myers et al., 2009). Making predictions is to
obtain the response value as accurately as possible by minimizing the difference
between the prediction and the actual response value as the basis for determining the
optimal machining parameters.

2 METHOD

2.1 Materials

In this CNC milling process, the specimen selected is PAC5000 from Daido Steel
Co., Ltd., used in the automotive industry. PAC 5000-type material belongs to the
general-purpose plastic mold steel group. This type of material is an improvement from
the P20 series in the aspects of wear resistance and mirror-quality polish for products
that require a smooth or mirror-quality surface, such as lampshades or speedometer
covers. This material has a hardness of about 36-40 HRc. Due to patent restrictions, the
mineral composition of PAC 5000 is concealed. It is equivalent to DIN 2311 or JIS14A,
with mechanical properties at room temperature, as shown in Table 1.
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Table 1. Mechanical properties of material PAC500

Hardness (HRc) Tensile Strength (MPa) 0.2% Yield (MPa) Elongation (%) Reduction in Area (%)

40 1244 1127 15.9 61.7

The cutting tools used in this study are End Mill Inserts NDCW150302TR-
TN100M series with DMC-316SXT holder made by Kyocera, as shown in Figure 1.
The tool diameter is 16mm, with a cutting edge of 14mm, with a total length of 90mm.
The tolerance for the diameter is 0~0.03mm, while the radius tolerance is +0.0 lmm.
The new cutting tools apply to each specimen. The spindle speed used was 2900 rpm.

Dimension (mm) | Angle |

Insert Description clsipt L RE AN
Handed Insert shows Right-hand |
NDCW 150302TR 02
0 5 150304TR 0.
‘ T 150308TR 08 ..
] {]4 H g 180201 |°5%5318/45/150 50 15
- ™ 1503307R | 30
3 150340TR | | 40

Fig. 1. Insert Carbide of End Mill DMC-316SXT used to cut the specimen.

2.2 Material Preparation

This study runs a homogeneity test on the surface hardness of the specimen material
before machining to ensure the method's repeatability. The homogeneity test refers to
the similarity of the specimen's material properties on all sides. In their research, Kumar
et al. suggested that heterogeneity of material properties can cause differences in
material deflection (Kumar et al., 2019). Hardness measurement of the specimen is
carried out at 5 different points on each machining line with the highest deviation of a
maximum of 5% of the average measurement value (Standardization, 1989), as shown
in Figure 2. The specimen length is at least 10 times the diameter of the cutting tool,
and at least one specimen is required for each test condition or variable. Considering
there are 4 variables of interest, the homogeneity test will be conducted on 8 specimens
or 2 specimens for each input variable. Hardness testing was conducted using a
Mitutoyo Hardness Testing Machine (Wizhard HR-522 series, Japan, 2019).

- © Testine

Fig. 2. Hardness Testing Points of Specimen.

2.3 Box Behnken

Using the RSM approach, the experimental design defines two variables:
independent variable or input and dependent variable or response. Independent
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variables are subjects that can be controlled in an experiment. In RSM, the input must
have a relationship with the response but not have a relationship with other inputs.
Inputs have a contribution with a certain level of significance.

The experimental design used is Box-Behnken Design (BBD). The value of the
independent variable in CNC milling is not extreme. There is no corner point of a value
in the machining variable. It is a meeting point between the characteristics of BBD and
the existing conditions on the machining variables. BBD is beneficial in conditions
where a feasible solution is within an area in the design of the experiment. BBD has the
advantages of providing optimal results with high accuracy under minimal conditions,
namely having three levels of factorial design, requiring a smaller number of
experiments, and having a minimum of 3 factors. The design of experiment used in this
study is L27(3%), where 27 experiments with 3 levels and 4 factors are observed. The
replication of the dataset was carried out 3 times with consideration of cost and result
precision (Liu et al., 2022; Mark, J.A., Patrick, J.W., 2017). The inputs selected in this
study are feed rate (F), cutting speed (CS), axial depth of cut (Ap), and radial depth of
cut (Ae). The number of parameter levels is three per the BBD criteria. Detailed
information on the independent variables, level values, and units used are shown in
Table 2 below.

Dimension deviation is the dependent variable or response. Dimension deviation
was measured by comparing the initial dimension of the specimen with the final
dimension after being measured using a coordinate measuring machine (CMM)
(Duramax 5/5/5, Germany, 2023), as shown in Figure 3 and Figure 4. The Duramax
CMM has a precision level of 0.01 pm or 0.00001 mm.

Table 2. Variabel Independent CNC Milling.

Level

Variable Independent Code 1 0 1 Units
Feed rate F 10 20 30 mm/sec
Cutting Speed Ccs 100 120 140 nymin

Axial Depth of Cut Ap 0.2 0.5 0.8 mm

Radial Depth of Cut Ae 4 6 8 mm
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1

“Fig. 4. Duramax CMM 5/5/5.

2.4  Experimental Dataset

The mechanical properties of the PAC5000 specimen material are shown in Table
1, and Figure 1 shows the cutting tools' information. The preliminary test, namely the
homogeneity test performed on the specimen, is also shown in Figure 2 and Table 3.
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The selected input levels and variables are shown in Table 4. Measurements were made
on the dimension deviation response using a Duramax CMM. The CNC milling
machine used is the Makino Machine (KE55, Singapore, 2010), as shown in Figure 5.

% —=

Fig. 5. Machining Setup and CNC Milling Makino KE-55.

2.5  Process Steps

This study uses the RSM method to see the interaction between machining
parameters and dimensional deviation. The study began with the stages of machining
operations on a CNC milling machine applied to specimens that have passed the
homogeneity test using prepared cutting tools. The operation performs the sequences
according to the orthogonal array L27(3%). After all 81 specimens passed, the CMM
measured the actual dimensions of the machining results and entered them into the table
as the dependent variable. The following procedural step is to perform numerical
simulations using RSM to see the predictions and end with the optimization of input
variables for dimensional deviation minimization.

3 RESULTS AND DISCUSSIONS

3.1  Experimental Dataset

The hardness test result is shown in Table 3. The deviation of the hardness level is
in the range of 0.9-2.6%, which means that it is still within the limits of the
measurement standard according to ISO 8688. The independent and dependent
variables of the experimental results in the form of dimension deviation are shown in
Table 4.
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Table 3. Rockwell Hardness (ISO 8688-2) PAC 5000 Specimen.

Testing Point Position (HRc)

Specimen > 3 2 5 Deviation (%)
1 39.5 39.7 39.9 40 40.3 1.1
2 41.8 40.7 40.8 40.9 41.2 1.8
3 41.5 40.9 40.9 40.8 41.0 1,2
4 39.5 40.8 40.8 40.8 41,2 1.4
5 40.2 41.3 40.7 40.8 41.0 1.2
6 41.1 40.0 39.7 39,5 40.0 2.6
7 39.5 39.9 39.2 39.5 39.6 0.9
8 39,2 39.0 39.0 394 39.9 1.5
Table 4. Experimental Research Result.
Cutting Axial Radial  Dimension
Feedrate
Run Order speed Depthof Depthof Deviation
(mm/min)
(m/min)  Cut (mm) Cut (mm) (um)

1 20 100 0.5 8 213

2 20 140 0.8 6 6.41

3 20 120 0.5 6 343

4 10 120 0.2 6 3.42

5 20 120 0.2 4 7.47

6 20 120 0.8 8 4.08

7 10 140 0.5 6 10.12

8 20 100 0.5 4 15,55

30 120 0.2 6 0.97

10 20 140 0.2 6 1.65

11 20 120 0,2 4 7.46

12 20 120 0.2 4 7.46

13 30 120 0.5 4 6.06

14 20 120 0.2 8 1.02

15 30 120 0,2 6 1.02

16 20 140 0.5 8 2.85
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59 20 140 0,5 8 2,98
60 20 100 0.8 6 4,88
61 20 120 0.8 4 29,86
62 10 120 0.8 6 13,31
63 30 120 0.5 8 2,22
64 20 120 0.5 6 343
65 20 120 0.5 6 3.43
66 10 120 0.5 8 3.89
67 10 120 0,5 8 3,77
68 10 120 0,5 - 59.3
69 10 100 0,5 6 7,23
70 20 120 0.5 6 3.66
71 20 100 0.5 8 212
72 20 120 0.8 4 30,26
73 20 100 0.5 B 15:55
74 20 140 0.5 - 2212
75 20 120 0.5 6 3.43
76 20 100 0,2 6 1.14
7 10 100 0,5 6 7,13
78 30 100 0,5 6 2,12
79 30 120 0.8 6 4,08
80 20 140 0.2 6 1.49
81 20 100 0.5 8 2,03

H U N
© ©O © ©

=N
o o

Dimension Deviation (um)
) 3

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79
No of Run Order

==@==Target ==@=Actual
Fig. 6. Dimension Deviation of CNC Milling Operation.

Figure 6 shows the response data of the process. The red dots represent the requested
dimensional targets, while the orange line graph with green markers shows the resulting
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dimensions of the process. The resulting dimensional variation ranges from 0.97-60.11
pm. 90% are between 0-20 um, 6% are in the 20-40 um range, and the rest are in the
40-61 pm range.

3.2 Numerical Simulation of Responses

The regression equation of the dependent variable of the dimension deviation is
obtained from the numerical simulation, as shown in Equation 1 below.

D = 203,8904 — 6,3799 = F + 0,046 = F> + 0,2287 * CS * Ap — 43,5517 =
Ae+2,1512 * Ae* +0,7155 = F x Ae — 0,0011 = F = CS * Ap = Ae )

Figure 7 shows the results of the numerical simulation of dimension deviation values
using regression equations based on response surface methodology.

70

Dimension Deviation (um)

135 7 9111315171921232527293133353739414345474951535557596163656769717375777981
No of Run Order

B Actual —@— Prediksi
Fig. 7. Prediction Data of Dimension Deviation Using RSM Approach.

Prediction Gap (um)

No of Run Order

==@==Actual —@— Prediction
Fig. 8. Gap Data between Actual and Prediction from Prediction Model.

The red bar chart represents the actual dimension deviation, while the green line
graph with orange markers shows the prediction results generated from the numerical
simulation using regression equation 2. The resulting dimensional variation ranges
from 0.3-44.61 um. 89% are between 0-20 pm, 7% are in the range of 20-40 um, and
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the rest are in the range of 40-44 pm. The width of the predicted dimension deviation
range is narrower than the range of actual values.

Graphically, the deviation information of the numerical simulation results compared
to the response values is presented in Figure 8.

33 Confirmation Criteria

The criteria of correlation coefficient (r), Mean Absolute Percentage Error (MAPE),
Root Mean Square Error (RMSE), and coefficient of determination (R-squared) are
selected to asses the prediction result. The correlation coefficient ranges from -1 to 1,
where a value of 1 means the model can show a strong positive relationship between
variables. MAPE measures the average percentage of the absolute difference between
the prediction and the actual. A low MAPE value represents the model's accuracy in
predicting data. RMSE measures the average deviation between the model's predicted
value and the data's actual value. R-square measures how much variation in the
dependent variable can be explained by the independent variable. Table 5 shows the
prediction model calculation as a confirmation of performance.

Table 5. Confirmation Criteria Matrix of Prediction Model.

r RMSE (%) MAPE (%) R-Square

RSM 0.89 5.52 0.938 0.80

Table 5 shows various information regarding the RSM-based prediction model. The
r value of 0.89 means that the two variables used have a positive linear relationship
close to perfect. The RMSE of 5.52% means that the prediction error is as significant
as that number. MAPE 0.938% means that the prediction accuracy is close to 94%, and
R-Square 0.8 means that this model better explains the variation in the relationship
between the independent and the response variable.

3.4  Discussion

The research aims to reduce the negative impact of dimensional deviation. First,
reviewing the criteria used to confirm the model's performance is necessary. The
numerical simulation results are shown in Table 5. The correlation coefficient ranges
between -1 and 1. The r value of 0.89 shows that the proposed regression model shows
a strong and positive linear relationship pattern. Strong and linear are defined as when
one variable increases, the other will also increase. The word positive indicates the right
direction and not the opposite. The linearity and positive direction are around 89% of
the relationship pattern and direction of the variables.

The RMSE criterion informs the model's accuracy in predicting. The RMSE of
5.52% indicates that the average model prediction error is around 5.52% of the
dependent variable scale. The scale of the dependent variable used is a micron meter
(um). The numerical simulation results of dimension deviation are in the range of 0.3-
44.61 pum. 5.52% of the deviation range is 2.46 um. Considering the CNC milling
operation ranges from 10-54 minutes, and the longest cutting tools path is 18400 mm
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or almost 19 m, the dimension deviation of 2.46 pm counts as a slight deviation. The
figure of 2.46 um is adequate and will be able to make a positive contribution in both
technical and economic terms.

From Table 5, the MAPE value is 0.936%. MAPE is one of the evaluation metrics
in regression and prediction models to measure the relative error rate of a model in
predicting the value. The 0.936% figure indicates that the average difference between
the model prediction and the actual value is around 0.936. The lower the MAPE value
of a model, the more accurate it is. In this model, the average difference is less than
1%. In regression, the level of prediction accuracy seen from the MAPE criteria can be
seen in Table 6 below.

Table 6. Prediction Accuracy based on MAPE Points.

r RMSE (%) MAPE (%) R-Square

RSM 0.89 5.52 0.938 0.80

The last performance criterion used is the coefficient of determination or R-squared,
with a value of 0.8. The R- square value is O - 1, where 0 means the model produces a
prediction value far from the actual value. In contrast, the number 1 means that the
existing regression model produces a predicted value close to the actual value. The
greater the R-Square value, the better the model. A value of 0.8 indicates that 80% of
the variation in the value to be predicted (dependent variable) can be explained by
variations in the independent or input variables. Based on the numerical simulation
results' performance criteria values compared to the regression model's standard values,
the proposed prediction model is accurate, has a strong relationship pattern, has the
correct positive direction, and represents most of the variation in the data. The
prediction error of the proposed model is 5% or 2.46 um.

Other information obtained in the numerical simulation is the Pareto chart, as shown
in Figure 9. The Pareto chart shows the factors from the most dominant variable to the
least influential. Figure 9 shows the radial depth of cut variable, and the two dominant
variables are the radial depth of cut and feed rate. The least influential is cutting speed.
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Term
o Factor Name
AD A Feed.rate
B Cutting Speed
A C Axial Depth of Cut
DD D Radial Depth of Cut
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|
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|
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AC :
8D ]
88 i
1
AB :
BC !
|
2

4 6 8 10
Standardized Effect
Fig. 9. Pareto Chart of The Standardized Effects.

The radial depth of cut and feed rate values are inversely proportional to the
deviation. The contour plot shows that the greater the radial depth of cut, the greater
the feed rate and the smaller the deviation value, as provided in Figure 10.

8
Deviation
< 0
B o- 1
W w0- 2
. W 20 - 20
W 30- 2
n > 40

Hold Values

Cutting Speed 120
Axial Depth of Cut 05

Radial Depth of Cut
o«

4
10 15 20 25 30

Feedrate
Fig. 10. The Interaction Pattern of Input Variable and Dimension Deviation.

Figure 11 informs the three-dimensional format of a more precise interaction pattern
among a radial depth of cut, feed rate, and dimension deviation.
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Hold Values
Cutting Speed 120
Axial Depth of Cut 05

R
Deviation

Radial Depth of Cut

Fig. 11. The Interaction Pattern of among Variables in Surface Plot Model.

The resulting dimension deviation in the proposed prediction model is between 0.3-
44.61 pm, with the 5% value being 2.46 um. It means it is possible to optimize to less
than 0.3 pm. Several optimization efforts were taken to achieve a dimensional deviation
of 0.1 pm. In this optimization process, several parameters are chosen considering that
these parameters are too rigid to be adjusted and by considering safety aspects. The
parameters were cutting speed at 120 m/min and axial depth of cut at 0.2 mm. The
optimization process provides the results as follows in Table 7. The dimensional
deviation significantly impacts the delay or time aspect (Sarkar et al., 2018). To obtain
the benefit of dimension deviation, choosing CNC milling parameters with the radial
depth of cut and low feed rate is recommended because they have a linear relationship
pattern. The results of the optimized parameters are tested and presented in Table 7 in
the last column.

Table 7. Optimization Target and The Machine Parameters

Dimension Radial Depth Feedrate Cutting speed Axial Depth Final Dimension
Deviation (um) of Cut (mm) (mm/sec) (m/min) of Cut (mm) Deviation (1m)
1.00 5.6 19 120 0.20 0.89
0.50 4.0 29 120 0.20 0.48
0.25 6.9 10 120 0.20 0.21
0.10 58 19 120 0.20 0.10

4 CONCLUSION

The study aims to find a good performance prediction model for the optimization
process. Based on the results of the BBD-based design of experiments and numerical
simulations, the proposed prediction model performs well according to the prediction
performance criteria. Coefficient correlation of 0.89, RMSE 5.52%, MAPE 0.938%,
and R-Square 0.8. 89% generated from the numerical simulation data produce a
deviation range of 0.2 pum. The optimization process can reduce the dimension
deviation to 0.1 pm while still considering safety aspects. The test results of the
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optimized parameters produce a slight dimension deviation. Related industries can use
the selected parameters for CNC milling processes requiring a low dimension deviation.
The prediction and optimization model can be adopted and tested for other machining
models, such as turning or other subtractive machines, in other objectives, such as
energy consumption optimization or surface roughness. Utilization for prediction in
other areas and for multi-response prediction suggests further study.
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