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Abstract:

This paper represents the training of the artificial neural network for predicting
machining parameters using MATLAB. As input data, machine parameters
such as spindle speed, feed, and diameter are used. The input data depend on
the workpiece material used in the process and the machine. Output data is
entered as cutting time and material removal rate per unit. To test the time
and material removal rate, the length of cut is divided into three segments
of constant value with different cutting parameters. Cutting speed is used as
a minimum, medium, and maximum value for the used workpiece and the
machine to calculate the input of spindle speed, while feed input samples
are randomized for each segment. All input and output data are typed in the
Excel data sheet that is loaded into MATLAB. A neural network is created
and trained to predict the output values using the input data from the sheet.
The results show the prediction accuracy and the percentage of errors in
predictions.
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INTRODUCTION

CNC turning is a method of manufacturing cylindrical material
shapes using the generated CNC code via manual or automatic types
of programming. By using computer numerical control, it establishes
high accuracy and repeatability for large series of production, improving
safety and minimizing errors.

Machining parameters determine production efficiency, which is
dependent on workpiece material, tool shape, and machine characteristics.
Choosing false machining parameters can affect the production in a neg-
ative way, such as tool and workpiece breakage, overheating, or falling
out. If the tool and workpiece stay intact, machine stability and power are
affected, which causes vibrations and internal hardware damage [1-2].

Cutting time is crucial for the production, which indicates how long
material cutting takes in a constant length path using constant speed
and feed. It is highly important when producing a large series of parts.
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Material removal rate presents the volume of material
removed in a unit of time, useful in high productivity
removing larger amounts of material in less time, and it
is essential for roughing operations.

The nature of machining parameters is that most values
can be calculated or extracted from the standards for
certain machining conditions. With the right machining
parameters, more elements affect the production that
are not controllable, such as machine acceleration and
deceleration, system delays, and vibrations.

In this study, a neural network is developed using the
machining parameters as data that consists of 36 sam-
ples, where 11 samples are used for testing. Machining
parameters (speed, feed, and diameter) are used to
predict the cutting time and material removal rate. It
is essential to evaluate the capability of predictions or
machining performance and further optimization [3-4].

2. MATERIALS AND METHODS

The machine used for the experiment is Emco Concept
Turn 55 with Sinumerik 840D control unit. Workpiece
material is an aluminium cylinder with dimensions
?30x80 mm [5]. The drawing of the final product is
shown in Figure 1.

To set up the neural network, input and output data
are typed into an Excel sheet. The sheet contains a table
of 36 rows with four passes, calculated spindle speeds,
while each pass has three segments of constant length of
20 mm. Depth of cut is a constant value of 1 mm due to
the workpiece material and machine hardware.

Input data consists of workpiece manufacturing
parameters. Cutting speed for aluminium workpiece for
the used machine is in the range of 150 — 200 m/min,
and it is used to calculate the spindle speed.
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Figure 1. Drawing of the final product
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Figure 2. Passes and segments
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Equation 1 shows the formula used to calculate the
spindle speed.

1000*v [ . ]
n= rev/min

x*D

Equation 1. Spindle speed calculation

Where: v - cutting speed [m/min], D - diameter [mm)].

For calculating the spindle speed, minimal, medium,
and maximum cutting speeds are used. Calculated values
of spindle speed are represented in Table 1.

Feed is in the range of 0.02 - 0.1 mm/rev, where the
values are randomly selected within the given range
using the random command in the Excel data sheet. The
generated feeds are typed into the CNC code for each
pass and segment.

For the output data, the cutting time and material
removal rate are used. Measuring cutting time is done
in the simulation of the control unit, which displays the
cutting time in seconds. The values of the cutting time
are represented in minutes. Material removal rate is
calculated using the formula shown in Equation 2.

MRR =7 %D *a *f*n [mm®/min]

Equation 2. Material removal rate calculation

Where: D - diameter [mm], a - depth of cut [mm)], f - feed
[mm/rev], n - spindle speed [rev/min].

Table 1. Calculated spindle speed values

Each pass has the same cutting speed, where spindle
speed changes as the diameter changes, while each
segment has a different feed. Table 2 represents an
example of the Excel data.

The table is imported into MATLAB for building a
neural network.

3. CREATING THE NEURAL NETWORK

After importing the datasheet table into MATLAB,
it is necessary to determine which column represents
input and output data. The code indicates that the first,
second, and third columns (spindle speed, feed, and
diameter) are input data, while the fourth and fifth col-
umns (time and material removal rate) are output data.
Setting the columns for input and output data is repre-
sented in Listing 1.

Data is normalized due to the difference in value
size, so the model can learn and provide accurate results.
After the normalization, the separation is created with
a random permutation of the dataset for training 25
examples, and the rest is a subset for testing. Data nor-
malization and separation are shown in Listing 2.

A neural network with one hidden layer of three
neurons is created for predicting the outputs. The net-
work is trained with normalized input and output data
[6-7].

Diameter Spindle speed for minimal cutting

Spindle speed for medium cutting Spindle speed for maximum cutting

speed (150 m/min) speed (175 m/min) speed (200 m/min)
28 1706 1991 2275
26 1836 2144 2450
24 1990 2322 2655
22 2170 2533 2895

Table 2. Example of excel data sheet

?g/l::lillle] Speed Feed [mm/o] Diameter [mm)] Cutting Time [min] MRR [mm?/min]

1706 0.023 28 0.563 3348.5

1836 0.098 26 0.111 14621.2

1990 0.029 24 0.346 4350.8

2170 0.058 22 0.158 8710.6
X = data(:,1:3)';

<
I

data(:,4:5)"';

Listing 1. Setting the columns for input and output data
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Creating the neural network is represented in
Listing 3.

The neural network is collecting input data so it can
perform normalized output prediction and convert it
back to the original scale of the output data. Data
collection and normalization are represented in Listing 4.

4. OUTPUT PREDICTIONS AND TESTING
SAMPLES

As a testing sample, new inputs are typed in the same
order as the Excel sheet is created. The test sample will
include spindle speed 2144 rev/min, feed 0.05 mm/rev,
and diameter 26 mm. The input test sample is repre-
sented in Listing 5.

The neural network predicts the outputs using nor-
malized data values and displays the results in the origi-
nal form. Prediction and data display are represented
in Listing 6.

Time prediction shows that the output value is 0.244
min, compared to the real value of 0.186 min. This
shows that the neural network predicts time with 30%
error. While material removal rate predictions show that
the output value is 9334.3 mm?*/min, compared to the
real value 8751 mm3/min, which is 7% error. Figure 3
presents the comparison between predicted and real val-
ues of both outputs using 11 test samples, where errors
of the predictions are displayed. Accuracy is displayed
as the separation between lines; a larger separation indi-
cates lower accuracy, and a smaller separation indicates
higher accuracy.

% NORMALIZE
[Xn, psX]
[Yn, psY]

mapminmax(X);
mapminmax(Y);

% SPLIT DATA

idx = randperm(size(Xn,2));
train_idx = idx(1:25);
test_idx = idx(26:end);

Listing 2. Data normalization and separation

net
net

fitnet(3);

train(net, Xn(:,train_idx), Yn(:,train_idx));

Listing 3. Creating the neural network

Ypn = net(Xn(:,test_idx));
Yp = mapminmax('reverse', Ypn, psY);

Listing 4. Data collection and normalization

new_input

= [2144; 0.05; 26];
new_input_n =

% [speed; feed; diameter]
mapminmax('apply', new_input, psX);

Listing 5. Input test sample

new_output_n = net(new_input_n);

% display results
time_pred = new_output(1)
mrr_pred = new_output(2)

new_output = mapminmax('reverse', new_output_n, psY);

Listing 6. Prediction and data display
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The second testing sample is done to manufacture the
part shown in Figure 1, using a medium feed value of 0.06
mm/rev, constant for each pass. Medium cutting speed
is used, v = 175 m/min, where spindle speed results are
shown in Table 1. A new dataset is created using the given
values for each pass and segment, represented in Listing
7. Table 3 represents the difference between the measured

The results of the measured and predicted outputs in
Table 3 are given based on the constant segment length
of 20 mm, to present time and material removal rate
value for the length of 60 mm, as shown in Figure 1,
the results of the measured outputs are multiplied by 3.
Measured and predicted outputs for full length are
shown in Table 4.

and predicted output values of the sample per segment.
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Figure 3. Output prediction accuracy

new_input

= [1991; 0.06; 28]; % [speed; feed; diameter]
new_input_n =

mapminmax(‘apply', new_input, psX);

new_input = [2144; 0.06; 26]; % [speed; feed; diameter]
new_input_n = mapminmax('apply', new_input, psX);

new_input

= [2322; 0.06; 24]; % [speed; feed; diameter]
new_input_n =

mapminmax(‘apply', new_input, psX);

new_input = [2533; 0.06; 22]; % [speed; feed; diameter]
new_input_n = mapminmax('apply', new_input, psX);

Listing 7. Testing sample dataset of medium values

Table 3. Example of excel data sheet

Diameter Measured time Predicted time Calculated MRR Predicted MRR
[mm)] [min] [min] [mm?®/min] [mm?®/min]
28 0.167 0.228 10502.92 11535
26 0.155 0.2 10506.39 11158
24 0.144 0.167 10503.48 10740
22 0.132 0.138 10507.07 10698
Table 4. Measured and predicted outputs for full length
Measured time of Predicted time of full Calculated MRR of full Predicted MRR of full
full length [min] length [min] length [mm?*/min] length [mm?*/min]
0.501 0.684 31508.76 34605
0.465 0.6 31519.17 33414
0.432 0.501 31510.44 32220
0.396 0.414 31521.21 32094
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5. CONCLUSION

Developing a neural network model for predicting
the cutting time and material removal rate is a step for-
ward for CNC programming optimization. The model
was trained and tested using experimental data of 36
machining samples in an Excel data sheet and was evalu-
ated on 11 unseen test samples to compare predicted
and experimental values.

The results show that the prediction accuracy of
cutting time is affected by dataset size and variation in
experimental conditions. Cutting time is dependent on
more factors, rather than given inputs, such as delays,
accelerations, machine tool dynamics, approach, and
retract movements.

Material removal rate is a deterministic parameter; it
is directly calculated from the conditions such as spindle
speed, feed, diameter, and depth of cut. A neural net-
work can learn from this effectively due to well-defined
input data, leading to lower prediction error.

Cutting time is not solely impacted by the machining
parameters in the model. Additional impact on the
cutting time by additional machining processes such as
tool acceleration and deceleration, tool engagement and
disengagement, tool approach and retract movement,
controller response, and delays. These factors are not
fully represented in the neural network, which causes
low accuracy in the output prediction.

The dataset of 36 samples provides a limited repre-
sentation of the machining process, which affects the
ability of the model to accurately predict the cutting
time. Enhancing the model with additional data that
describes the machining process can enhance the pre-
diction accuracy and make the model more suitable for
industrial applications.
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