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Abstract: Many factors (material properties, drill bit type and size, drill bit wear, drilling parameters
used, and machine-tool characteristics) affect the efficiency of the drilling process, which could be
quantified through the delamination factor, thrust force, and drilling torque. To find the optimal
combination among the factors that affect the desired responses during drilling of wood-based
composites, various modelling techniques could be applied. In this work, an artificial neural network
(ANN) and response surface methodology (RSM) were applied to predict and optimize the delamina-
tion factor at the inlet and outlet, thrust force, and drilling torque during drilling of prelaminated
particleboards, medium- density fiberboard (MDF), and plywood. The artificial neural networks
were used to design four models—one for each analyzed response. The coefficient of determination
(R?) during the validation phase of designed ANN models was among 0.39 and 0.96. The response
surface methodology was involved to reveal the individual influence of analyzed factors on the
drilling process and also to figure out the optimum combination of factors. The regression equations
obtained an R? among 0.88 and 0.99. The material type affects mostly the delamination factor. The
thrust force is mostly influenced by the drill type. The chipload has a significant effect on the drilling
torque. A twist drill with a tip angle equal to 30° and a chipload of 0.1 mm/rev. could be used to
efficiently drill the analyzed wood-based composites.

Keywords: drilling; modeling; optimization; dynamic parameters; hole quality; wood-based composite;
artificial neural network (ANN); response surface methodology (RSM)

1. Introduction

Nowadays, furniture is mostly made of wood-based composites, namely, prelami-
nated particleboards (PBs), medium-density fiberboard (MDEF), and plywood. To assemble
the parts of furniture, a large amount of holes should be created by means of drilling
machines. The quality of holes is usually addressed though by the delamination factor and
surface roughness [1]. The efficiency of the drilling process is also quantified through two
dynamic parameters, namely, thrust force and drilling torque [2]. These dynamic parame-
ters influence the energy consumption during drilling, and tool wear and the quality of
holes too.

Many factors like material properties, drill bit diameter, spindle rotation speed, tip
angle of the drill bit, feed rate, type of the drill (spade or twist), machine-tool characteristics,
etc., have been investigated by various scholars to determine their influence on the drilling
process [3,4].

Delamination at the entry and exit of holes during drilling is a significant challenge in
processing composite materials. Over the past few decades, various delamination factors
and assessment techniques have been proposed by different authors to measure and evalu-
ate delamination severity. Patel and Chaudhary [5] reviewed these techniques, focusing
on improving drilling methods. They presented the mechanisms of delamination at both
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the entrance and exit of holes, along with different measurement methods, calculation
formulas, bibliographic sources, and the pros and cons of each method.

Agarwal and Mishra [6] used wood dust and wooden fibers as reinforcements in epoxy
resin to create laminated plywood and medium-density fiberboard. They examined how
drilling parameters affect the performance of these wooden plastic composites, focusing
on the delamination factor and burr height. The study found that increasing the drill bit’s
point angle and feed rate raises the delamination factor, while lower speeds and feed rates
improve the drilled surface’s performance. They also found that optimal parameters can
reduce delamination and burr height by 65%.

Sydor et al. [7] revealed that drilling holes through the adhesive layer of plywood
resulted in significantly less accurate dimensions compared to holes drilled through the
veneer layers. Additionally, the dimensional inaccuracy of holes affects the strength of
wood-made products. In the study from 2024, the authors found that the feed rate values
used during drilling pilot holes significantly affect the withdrawal force of screws [8].

Podziewski et al. [9] evaluated machinability issues during drilling of wood-based
materials, using fiberboards, particleboards, and plywood as test samples. They drilled
holes through 14 different materials to assess edge quality, cutting force, and torque.
The study found that the quality-based machinability index did not correlate with the
cutting force-based index, nor with basic physical/mechanical properties of materials such
as density or hardness, but highlighted the influence of internal structure and material
homogeneity. However, the cutting force index showed significant correlations with the
physical/mechanical properties, except for particleboards.

Kumar and Jayakumar [10] studied particleboard drilling with twist and spade drills.
Experiments have shown that the roughness of the holes’ internal surfaces has decreased
as the rotational speed of the drills has increased and the feed speed has decreased. It was
also observed that the twist drills performed better than the spade ones. The same authors
also studied the influence of liquid coolants during particleboard drilling.

Szwajka et al. [11] developed a method of material identification using the short-time
Fourier transform that automatically adjusts the cutting parameters during drilling of a
particleboard, MDEF, plywood, and high-pressure laminate (HPL) based on force signals,
cutting torque, and acceleration signals.

The study of Kurek et al. [12] presents the application of a Siamese network to recog-
nize drill wear, using images of drilled holes as training data. Siamese networks, initially
used for face recognition, can distinguish between different classes and identify if an in-
put image matches the original class. The evaluation used three classes: green for sharp
drills, red for worn drills, and yellow for drills needing further evaluation by a human
expert. This approach simplifies data collection, requires minimal financial investment,
and accurately assesses drill wear based on the input images.

Jegorowa et al. [13] used the Multi-Layer Perceptron (MLP) algorithm to automatically
identify drill conditions during drilling in a laminated chipboard. Drilling into melamine-
faced wood-based panels is common in furniture manufacturing, with delamination being
a major quality issue. Studies indicate that tool wear is a key problem, making tool
condition monitoring and timely replacement essential to reduce delamination. The study
used various sensors (a contact sensor of acoustic emission, accelerometer for vibration,
two-component force gauge, and microphone) to register signals in the cutting zone and
classified tool conditions into three categories: green (keep working), red (stop and replace),
and yellow (warning). The classification achieved an overall accuracy above 70%.

Kurek et al. [14] introduced an automated method for tool condition monitoring,
classifying drill wear into three states: green (operational), yellow (warning), and red
(replace). They collected signals like noise levels, current/voltage values, and vibrations
as training data for classification algorithms. Among the ten evaluated methods, Extreme
Gradient Boosting (XGBoost), Gradient Boosting (GB), and Decision Tree (DT) achieved
accuracy rates above 85%, with XGBoost reaching 93.33% accuracy. The algorithms ef-
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fectively avoided the most critical misclassification errors, with only one yellow sample
misclassified as green.

Zbie¢ [15] explores a neural network-based diagnostic system for predicting tool wear
in MDF milling. The study involved ten tools, each subjected to wear during the MDF
milling process. Key process parameters, including cutting and thrust forces, temperature,
and power consumption, were measured throughout. The neural network system used
data from previous trials to predict tool wear for all tools except the first one. The results
demonstrated that the proposed system has high prediction accuracy and could be valuable
for optimizing the woodworking process.

To sum up, the modeling of the drilling process of wood and wood-based materials
arrived in the era of artificial intelligence. This fact could lead to many ways to increase the
efficiency of the drilling process either through predictive maintenance and/or by means
of optimization techniques. Therefore, the primary aim of this study was to optimize
the drilling process of wood-based composites by (1) predicting the delamination factor,
thrust force, and drilling torque; (2) identifying the optimal combination of factors (drill
tip angle, chipload, drill type, and material type) that influence these parameters. This
study employed artificial neural networks and response surface methodology to achieve
these goals.

2. Materials and Methods
2.1. Experimental Part

A total number of 240 samples were cut for the experiments: 80 square samples
(0J80 mm) were cut from a single 18 mm thick particleboard, another 80 samples were cut
from a single 18 mm thick MDF, and the last 80 samples were from a similar plywood board
(Figure 1). The average density was equal to 717 kg/m? in the case of the particleboard;
747 kg/m? for the MDF; and 769 kg/m? for the plywood samples. Three-layer particle-
boards were used in this study. The plywood was made of 11 layers of beech (Fagus sylvatica
L.) veneers, glued with urea-formaldehyde resin.
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Figure 1. Wood-based samples used for drilling experiments: (a) particleboard; (b) medium-density
fiberboard; (c) plywood.



Forests 2024, 15, 1600

4 0f 20

The experiments were performed with eight drill bits (10 mm cutting diameter). Four
of the drill bits were twist drill bits and the other four were spade drill bits (rake angle y = 0°)
(as shown in Figure 2). The tip angle of the drill bits was different, having the values of 30°,
60°, 90°, and 120°, and the clearance angle « = 20°. The drill bits were named according
to the tip angle: T30, T60, T90, T120. The drills were purchased from a specialized store
(Leroy-Merlin) under the trade name DEXTER.

T 30 T60 T120

Figure 2. The drill bits used for drilling of wood-based samples: (a) twist drills and (b) spade drills.

For each wood-based material used, the group of 80 samples was divided into smaller
groups of 10 samples. According to the type of drills used, half of these samples were
drilled with four different spade drills (T30, T60, T90, and T120) while the other half were
drilled with the twist drills in a similar way. Each group of 10 samples was drilled with a
different feed speed. The value of the feed speed was (v¢) = 0.6, 1.8, 3.0, and 4.2 m/min; the
rotation speed was the same for all specimens, n = 3000 rev./min; and the chipload (f,) had
the values of 0.1, 0.3, 0.5, and 0.7 mm /rev.

The machining of specimens was carried out using a CNC processing center, type ISEL
GFV/GFY (ISEL Germany GmbH, Eichenzell, Germany). The CNC machine, which has
adjustable rotational speed of the spindle (up to 15,000 rev./min) and adjustable feed speed
on all 3 axes (X, Y, and Z), allowed the exact set-up of the cutting parameters. The thrust
force was measured with a device composed of three HBS S2 force transducers (nominal
force: 500 N) (as shown in Figure 3).

Force

transducers

Figure 3. The machine tool and the measuring device: (a) CNC processing center type ISEL GFV/GFY;
(b) the force transducer device.

In order to measure the active power consumed by the spindle motor, a Camille Bauer
Sineax P530/Q531 (Camille Bauer Metrawatt AG, Wohlen, Switzerland) transducer for ac-
tive and reactive power was used. The data were recorded by a DAQ Board Keithley Model
KUSB-3108 (Tektronix UK Ltd., Bracknell, UK) and the Keithley KUSB QuickDataAcq
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software v. 1.5.5.0 (Tektronix UK Ltd, Bracknell, UK). Four channels of the DAQ system
were used to record data simultaneously: three channels were used to record data from
force sensors and one channel was for the active power. In Figure 4, the equipment used
for measurements and connection diagram are presented.

Spindle
Transducer for Frequency-voltage motor

active power converter |
380V
50Hz O]
Wood-based
-

sample

Lo |

odulel ™

(a)

Figure 4. Power and force measurement: (a) the connection diagram; (b) the equipment used.

Regarding the obtained data, the sum of the values recorded by the tree force transduc-
ers represents the thrust force (Fr). The active power consumed for spindle rotation (Pr)
contains both the power consumed for idle spindle rotation (Pp), and the power consumed
while drilling the samples (Pp).

The drilling torque (Tp) was calculated with Equation (1):

Tp = 9.55P7D (Nm) )

where
Pp—represents the active power consumed only for drilling, Pp = Pt — Py, in W;
n—is spindle rotation, in rpm.
The delamination factor (Fd) was calculated through Equation (2):

Fr=me () @

2.2. Data Modeling

From the experimental data, 382 values were selected to design four ANN models
that are able to predict the delamination factor at the inlet (Y1), delamination factor at the
outlet (Y>), thrust force (Y3), and drilling torque (Y;) based on selected inputs, namely, the
drill tip angle (X1), chipload (Xj), drill type (X3), and material type (X4). These models
were validated by means of 95 experimental values. These values were not used during
the training and testing phase of neural networks. To sum up, 80% of experimental values
were used to design the neural networks and around 20% were involved during the
validation phase.

In this work, a typical Multi-Layer Perceptron (MLP) architecture was chosen (Figure 5).
This architecture contains an input layer, one or more hidden layers, and an output layer.
More information about this kind of network architecture can be found in the litera-
ture [16-18].
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Figure 5. The general aspect of a Multi-Layer Perceptron architecture.

The performance of designed ANN models was revealed through the coefficient
of correlation (R) (Equation (3)), coefficient of determination (R?) (Equation (4)), root
mean square error (RMSE) (Equation (5)), and mean absolute percentage error (VMAPE)
(Equation (6)) [12]. The corresponding equations are

R— ie1 (pi *2 p)(ai —a) : 3)
VI (pi =P T (0 — )

n 2
R2 —1— i:l(ai - pl) (4)

i (@i — ?i)z
RMSE = \/ %Zle(ai —pi)? ()

1 n i~ Pi

MAPE = — (Zil { % D x 100 6)

where g; is the experimental value, p; is the predicted value of the ANN model, 7 is the
mean of experimental values; p is the mean of predicted values, and 7 is the total number
of values. In addition, the predicted values were plotted against experimental data [17].

The ANN models were designed though Neural Works Predict Software v.3.24.1
(Neural Ware Inc., Carnegie, PA, USA). More information about this software can be found
in the literature [2,18].

The next step of the proposed modelling approach was to generate an experimental
design based on the data presented in Table 1. The obtained experimental design is
presented in Table 2. The experimental design was obtained by means of Design Expert
Software (Version 9, Stat-Ease Inc., Minneapolis, MN, USA), according to an approach,
which were presented in a previous work [4].

Table 1. The name, levels, and type of analyzed factors (independent variables).

Level
Numeric Factor
—a* -1 0 +1 +a*
Drill tip angle (X), ° 30 30 75 120 120
Chipload (X;), mm 0.1 0.1 04 0.7 0.7
Categoric Factor Level 1 Level 2 Level 3
Drill type (X3) Spade (—1) Twist (+1) -
Material type (X34) Particleboard MDF Plywood

* axial points of experimental design.
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Table 2. The experimental design that was used in this study.

Independent Variables (Factors)

Dependent Variables (Responses)

Run # Drlll(}l;ll;,[?ngle Chlplr?‘?: (X3), Drl(l)l(;l")ype Material Type (Xs)  Yq Y, Ys Y,
1. 30 0.1 Spade Plywood 1.08 1.40 177.80 1.09
2. 30 0.1 Twist Particleboard 1.10 1.00 23.67 0.32
3. 120 0.1 Twist Plywood 1.01 1.11 72.72 0.32
4. 30 0.1 Spade MDF 1.07 1.06 125.88 0.53
5. 75 04 Spade Plywood 1.20 1.80 318.25 1.54
6. 75 0.4 Twist Particleboard 1.23 1.06 61.58 0.53
7. 120 0.7 Twist Plywood 1.25 1.42 117.43 1.08
8. 75 0.7 Twist Plywood 1.18 1.24 93.59 1.52
9. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
10. 75 0.4 Spade MDF 1.11 1.28 272.07 0.85
11. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
12. 75 0.4 Twist Particleboard 1.23 1.06 61.58 0.53
13. 120 0.1 Twist MDF 1.00 1.02 65.24 0.19
14. 75 04 Spade Particleboard 1.25 1.32 153.37 0.85
15. 75 04 Spade Plywood 1.20 1.80 318.25 1.54
16. 75 0.1 Spade MDF 1.06 1.21 143.74 0.37
17. 75 0.4 Twist Particleboard 1.23 1.06 61.58 0.53
18. 120 04 Twist Particleboard 1.24 1.06 69.43 0.36
19. 120 0.4 Spade MDF 1.13 1.47 276.23 0.60

20. 120 0.1 Twist Particleboard 1.14 1.05 45.24 0.19
21. 75 0.7 Spade Particleboard 1.29 1.40 228.28 1.24
22. 75 0.4 Spade Plywood 1.20 1.80 318.25 1.54
23. 75 04 Twist Particleboard 1.23 1.06 61.58 0.53
24, 75 0.7 Spade MDF 1.09 1.28 343.49 1.24
25. 30 0.4 Spade MDF 1.07 1.15 286.01 1.17
26. 75 04 Spade Particleboard 1.25 1.32 153.37 0.85
27. 75 0.1 Spade Plywood 1.14 1.57 183.66 0.78
28. 120 0.4 Twist MDF 1.00 1.02 78.50 0.36
29. 75 04 Twist Particleboard 1.23 1.06 61.58 0.53
30. 75 0.4 Spade Particleboard 1.25 1.32 153.37 0.85
31. 75 0.4 Twist Particleboard 1.23 1.06 61.58 0.53
32. 75 04 Twist Particleboard 1.23 1.06 61.58 0.53
33. 75 04 Spade MDF 1.11 1.28 272.07 0.85
34. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
35. 75 04 Twist Particleboard 1.23 1.06 61.58 0.53
36. 75 04 Spade Plywood 1.20 1.80 318.25 1.54
37. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
38. 120 0.7 Spade Plywood 1.35 2.46 393.07 1.76
39. 30 0.7 Spade Plywood 1.10 1.86 433.92 2.38
40. 30 0.4 Spade Particleboard 1.21 121 186.72 1.17
41. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
42. 120 0.7 Spade MDF 1.12 1.48 356.70 0.86
43. 75 0.4 Spade MDF 1.11 1.28 272.07 0.85
44. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
45. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
46. 75 0.4 Spade Plywood 1.20 1.80 318.25 1.54
47. 75 0.4 Spade Plywood 1.20 1.80 318.25 1.54
48. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
49. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
50. 30 0.7 Spade MDF 1.07 1.15 390.75 1.69
51. 120 0.1 Spade Particleboard 1.20 1.29 123.15 0.28
52. 30 0.7 Twist Particleboard 1.19 1.06 36.44 1.03
53. 75 0.4 Spade Plywood 1.20 1.80 318.25 1.54
54. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
55. 75 0.4 Spade MDF 1.11 1.28 272.07 0.85
56. 75 0.4 Spade MDF 1.11 1.28 272.07 0.85
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Table 2. Cont.

Independent Variables (Factors)

Dependent Variables (Responses)

Run # Drlll(}l;ll;,[?ngle Chlplr?‘?: (X3), Drl(l)l(;l")ype Material Type (Xs)  Yq Y, Ys Y,
57. 30 0.4 Twist Plywood 1.07 1.06 36.06 1.25
58. 75 0.4 Spade MDF 1.11 1.28 27207  0.85
59. 120 0.7 Twist Particleboard 1.47 1.06 86.94 0.49
60. 30 0.7 Twist MDF 1.08 1.00 41.66 1.03
61. 75 0.7 Spade Plywood 1.25 224 376.07 2.14
62. 120 0.4 Twist Plywood 1.40 1.39 94.84 0.72
63. 30 0.4 Twist MDF 1.00 1.00 28.62 0.73
64. 75 0.1 Twist MDF 1.00 1.01 66.47 0.24
65. 120 0.7 Twist MDF 1.20 1.02 97.14 0.49
66. 75 0.4 Spade MDF 111 1.28 272.07  0.85
67. 30 0.1 Twist MDEF 1.00 1.00 30.49 0.32
68. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
69. 75 0.4 Spade Particleboard 1.25 1.32 153.37  0.85
70. 75 0.4 Spade Particleboard 1.25 1.32 153.37 0.85
71. 75 0.4 Spade MDF 1.11 1.28 27207  0.85
72. 75 0.1 Twist Plywood 1.10 1.06 72.53 0.42
73. 75 0.7 Twist MDF 1.01 1.01 74.31 0.71
74. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
75. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
76. 30 0.4 Twist Particleboard 1.23 1.00 26.19 0.73
77. 30 0.1 Twist Plywood 1.07 1.07 37.63 0.58
78. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
79. 30 0.7 Twist Plywood 1.02 1.12 46.96 1.93
80. 75 0.1 Spade Particleboard 1.14 1.29 98.23 0.37
81. 120 0.1 Spade MDF 1.08 1.44 141.47  0.28
82. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
83. 75 0.4 Spade Particleboard 1.25 1.32 153.37 0.85
84. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
85. 75 0.4 Spade MDF 1.11 1.28 27207  0.85
86. 75 0.4 Spade Plywood 1.20 1.80 318.25 1.54
87. 75 0.1 Twist Particleboard 111 1.01 46.42 0.24
88. 75 0.7 Twist Particleboard 1.24 1.06 68.61 0.71
89. 75 0.4 Spade Particleboard 1.25 1.32 153.37 0.85
90. 30 0.7 Spade Particleboard 1.25 1.36 238.52 1.69
91. 75 0.4 Spade Plywood 1.20 1.80 318.25 1.54
92. 120 0.4 Spade Plywood 1.25 2.40 325.32 1.19
93. 75 0.4 Spade Plywood 1.20 1.80 318.25 1.54
94. 120 0.4 Spade Particleboard 1.25 1.55 170.50 0.60
95. 75 0.4 Twist Plywood 1.17 1.13 72.70 0.95
96. 120 0.1 Spade Plywood 1.20 1.87 178.39 0.54
97. 30 0.1 Spade Particleboard 113 1.20 121.92 0.53
98. 75 0.4 Spade MDF 111 1.28 272.07  0.85
99. 30 0.4 Spade Plywood 1.12 1.40 339.87 1.87
100. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
101. 75 0.4 Twist MDF 1.00 1.01 69.33 0.53
102. 75 0.4 Twist Particleboard 1.23 1.06 61.58 0.53
103. 75 0.4 Spade Particleboard 1.25 1.32 153.37 0.85
104. 75 0.4 Spade Particleboard 1.25 1.32 153.37 0.85
105. 75 0.4 Twist MDEF 1.00 1.01 69.33 0.53
106. 120 0.7 Spade Particleboard 1.32 1.57 252.92 0.86
107. 75 0.4 Spade Particleboard 1.25 1.32 153.37 0.85
108. 75 0.4 Twist Particleboard 1.23 1.06 61.58 0.53
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Based on the experimental design presented in Table 2, for each response, a polynomial
model that best describes the relation between factors and analyzed responses was revealed.
Its general form is described by Equation (7) [19].

k k k k
Y = Bo+ Z‘Bixi + Z‘B”X?' + Z Z ﬁi]‘XiX]' +e (7)
i=1 i=1

i=1j=1

where Y is the response or the dependent variable; X; and X; are the analyzed independent
variables or factors; By is the constant; B;, B;;, and B;; are the coefficients of the equation;
e is the error term; and k represents the number of analyzed factors. The coeficient of
determination (R?) describes the model accuracy. ANOVA was used to reveal the factors

that significantly affect the responses. The analysis was performed at a significance level of
5% (a = 0.05).

3. Results and Discussion
3.1. Designed Neural Networks

In Table 3, the characteristics of designed networks and value of performance indica-
tors are presented. The number of neurons in the hidden layers varies between 4 and 23.
The designed ANN models have a reasonable accuracy, namely, a high R or R?, and a low
RMSE or MAPE. The scatter-plots, which are presented in Figure 6, show, also, that ANN
models perform well with an unknown data set.

Table 3. The performance indicators of designed ANN during the validation phase.

Number of Neurons in the Layers of ANN Models

Model Output 2 RMSE MAPE
P Input Hidden Outlet R
Delamination factor at the inlet 4 23 1 0.62 0.39 0.131 6.88
Delamination factor at the outlet 4 6 1 0.91 0.83 0.265 9.65
Thrust force 4 8 1 0.98 0.96 20.57 10.4
Drilling torque 4 4 1 0.96 0.94 0.129 11.25

3.2. Response Surface Methodology
3.2.1. Delamination Factor at Inlet

The ANOVA results regarding the factors that affect the delamination factor at the
inlet of the drill in the material are presented in Table 4. The model (2FI) that best describes
the relation between the inputs and the outputs is presented by Equation (8). Based on the
factor coefficients, it could be stated that the delamination factor at the inlet (Y1) is most
affected by the type material (X4) that is processed. This result is supported by the data
presented in the literature [9]. The influence is bigger in the case of a twist drill than in
the case of a spade drill. The second factor that affects the delamination at the inlet is the
chipload (X3). The third one is the drill tip angle (X;) and the fourth one is the drill type
(X3). There is a synergetic effect of analyzed factors. These interactions can be observed in
Figures 7-9. The most important effect is between the drill tip angle (X;) and the chipload
(X2). Equations (9)—(14) could be used to make a prediction about the delamination factor
at the inlet (response) based on the analyzed input factors. The values of factors must be in
the original units.

Y1 (coded) = 115 +0.048X7 + 0.052X5 — 0.024X3 + 0.078Xy(1) — 0.097Xy(5) + 0.034X1 X5 + 4.07E — 003X; X3

—7.51E — 003X, Xy 1) — 0.029X; Xy 5) + 0.11X5 X5 + 0.026X5 X, 1) — 0.022X5 X5, 8)
+0017X3X4(1) - 0019X3X4(2)

Y1 (spade_pp) = 1.165 — 1.879E — 004X; + 0.033X, + 2.516E — 003X X3 )
Y (spade_mpE) = 1.125 — 6.610E — 004X; — 0.126X, + 2.516E — 003X X, (10)
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Y (spade_plywood) = 1-08 + 7.863E — 004X; — 0.064X; +2.516E — 003X X, (11)
Y (uist_pp) = 1108 — 7.085E — 006 X1 + 0.106X; -+ 2.516E — 003X X (12)
Y (wist_mDF) = 0.996 — 4.802E — 004X — 0.053X, + 2.516E — 003X X2 (13)
Y (rwist_plywood) = 1.001 +9.672X; + 8.757E — 003Xz + 2.516E — 003X, X, (14)

- Leo > 80
2 g R?=0.3962 g :()O R2=0.8371
£ . y = 0.3746x +0.7109 & 7 y = 0.6021x+ 0.457 e
Bl g =2 . -
:£ 3 ol D Pl > g 22 ..-'___m -
5 & 10 ) o P £ 2200 e
8 5120 $e83, ot sl S 5180 Wt e
£ 2 110 2.8%8p® % o S 3 1.60 - .‘
3 1.00 0o £ i - &
£ 09 £ 10 | SN
0.80 é 0.80
050 . %0 140 e 1 0 500 080 130 180 230 28 330 380 430
Experimental value of delamination factor at inlet (- Experimental value of delamination factor at outlet (-)
(a) (b)
500.00 . o0
450,00 R?=0.9687 B
400.00 y=09684x+58125 _ . . . 2 250 R2=0.9477
S e g Z =0.9093x+0.0737 .+ @
% 350.00 . ,:., ) o y -
“z: 350.00 ',..-“ Ec 1.50 5 ,.s’-":" ".
5 _L_)OYOO [ g 1.00 o . 1 S
L: 150.00 ‘J: 5 ::_8 .,.'.?
2 10000 °2 0" £ 050 '..s ‘
£ 5000 ’.p‘ E d"#.
0.00 0.00
0.00 100.00 200.00 300.00 400.00 500.00 e 0t £ 120 200 20 2
. Experimental value of drilling torque (Nm)
Experimental value of trust force (N)
(c) (d)
Figure 6. Comparation regarding the experimental and predicted values by the ANN models.
(a) delamination factor at inlet; (b) delamination factor at outlet; (c) thrust force; (d) drilling torque.
Table 4. The results of ANOVA regarding the factors that affect the delamination factor at the inlet.
Source Sum of Squares df Mean Square F-Value p-Value Observation
Prob > F
Model 0.91 14 0.065 49.58 <0.0001 Significant
Drill tip angle (X1) 0.084 1 0.084 64.41 <0.0001 Significant
Chipload (X3) 0.097 1 0.097 73.75 <0.0001 Significant
Drill type (X3) 0.06 1 0.06 45.85 <0.0001 Significant
Material type (X4) 0.57 2 0.29 218.07 <0.0001 Significant
X1 X3 0.028 1 0.028 21.13 <0.0001 Significant
X1X3 5.96 x 10~* 1 5.96 x 10~* 0.46 0.5016 Not significant
X1 Xy 0.026 2 0.013 10.1 0.0001 Significant
X9 X3 435 x 1073 1 435 x 1073 3.32 0.0716 Not significant
XXy 0.014 2 7.06 x 1073 5.39 0.0061 Significant
X3Xy4 0.024 2 0.012 9.06 0.0003 Significant

R2 0.88
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Figure 9. The influence of the drill tip angle (X;) and chipload (X3) on the delamination factor at the
(b) twist drill.

A 2FI polynomial model was revealed by the Design expert software version 9 to
describe the relation between the independent variables and the delamination factor at
at the outlet is most influenced by the drill type (X3). The next factor that affects the
delamination factor at the output is the material type (X4). The influence of the material on

the outlet (Y;). Its coded form is presented in Equation (15). The delamination factor
the delamination factor at the output is greater in the case of a twist drill, compared with a

inlet in the case of plywood: (a) spade drill;

3.2.2. Delamination Factor at Outlet
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spade one. This finding is the same as that obtained in the case of the delamination factor at
the inlet. The third factor that affects the delamination factor at the outlet is the drill tip bit
angle (X1) and the fourth one is the chipload (Xjy). Also, there are some interactions among
factors (Figures 10-12). The most important interaction is between the drill tip bit angle
(X1) and the drill type (X3). The ANOVA results are presented in Table 5. The obtained
results are supported by the data presented in the literature; namely, the feed rate, material
type, drill type (spade or twist), and drill tip angle influence the value of the delamination
factor [1,6,9,10,20].

YZ(coded) =128 +40.13X; 4+ 0.087X, —0.21X3 — 0.084X, 1) — 0.14X4(2) + 0.017X71 X, — 0.080X71 X3
—0.064X; Xy 1) — 0.036X1 X3 — 0.050X, X5 — 0.082X5 Xy (1) — 0.070X5 Xy, (15)
+0.064X3X4(1) + 0.074X4(2)

Ya(spade_pp) = 1.00 + 2.649E — 003X; + 0.254X; + 1.279E — 003X, X, (16)
Ya(spade_mpF) = 0.942 + 3.276E — 003X + 0.129X; + 1.279E — 003X1X,  (17)
Ya(spade_Plywood) = 1.05 + 6.31E — 003X +0.703X, + 1.279E — 003X; X3 (18)

Ya(saist_pp) = 111 — 8.960E — 004X; — 0.081Xz + 1.279E — 003X X, (19)

Ya(rwist MpF) = 1.07 — 2.68E — 004X — 0.207X; + 1.279E — 003X X, (20)
Ya(swist_Plywood) = 076 +2.765E — 003X + 0.367X; + 1.279E — 003X, X, (21)

Y2 (-)

(a) (b)

Figure 10. The influence of the drill tip angle (X;) and chipload (X;) on the delamination factor at the
outlet in the case of prelaminated particleboards: (a) spade drill; (b) twist drill.

Figure 11. The influence of the drill tip angle (X;) and chipload (X3) on the delamination factor at the
outlet in the case of MDF: (a) spade drill; (b) twist drill.
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Figure 12. The influence of the drill tip angle (X;) and chipload (X;) on the delamination factor at the
outlet in the case of plywood: (a) spade drill; (b) twist drill.

Table 5. The results of ANOVA regarding the factors that affect the delamination factor at the outlet.

Source Sum of Squares df Mean Square F-Value p-Value Observation
Prob > F

Model 9.92 14 0.71 237.24 <0.0001 Significant

Drill tip angle (X7) 0.58 1 0.58 193.82 <0.0001 Significant

Chipload (X3) 0.27 1 0.27 91.35 <0.0001 Significant

Drill type (X3) 4.68 1 4.68 1565.29 <0.0001 Significant

Material type (X4) 2.66 2 1.33 444.89 <0.0001 Significant
X1Xa 7.16 x 1073 1 7.16 x 1073 24 0.1249 Not significant

X1X3 0.23 1 0.23 76.69 <0.0001 Significant

X1Xy 0.19 2 0.093 31.19 <0.0001 Significant

X2X3 0.092 1 0.092 30.7 <0.0001 Significant

XoX4 0.2 2 0.099 32.99 <0.0001 Significant

X3X4 1.02 2 0.51 171.49 <0.0001 Significant

R? 0.97

Ya(coded) = 157.89

3.2.3. Thrust Force

The most important factor that influences the thrust force (Y3) during drilling of wood-
based composites is the drill type (X3). The second one is the chipload (X3). The third
one and fourth one are the material type (X4) and the drill tip bit angle (X;), respectively.
There are also interactions among these factors (Table 6). The most important interaction is
between the drill type (X3) and material type (X4). The coded and real form of the obtained
quadratic polynomial model are presented in Equations (22)—(28). The influence of the drill
tip angle and the chipload on the thrust force is pictured in Figures 13-15. These findings
are also correlated with the data available in the literature, namely, that the drill type, feed
speed, and drill tip angle affect the value of thrust force during drilling of wood-based
composites [1,21,22].

+9.34X; +53.39X5 — 90.05X3 — 50.41X (1) + 12.62Xy(5) + 0.30X1 X + 13.98X; X3
+0.22X1 Xy (1) — 0.014X1 Xy () — 42.13X, X3 — 15.64 X Xy 1) + 7.50X2 Xy )

+43.83X3Xy(1) — 11.43X3Xy(p) + 1.93X] — 8.31X3 + 6.79X1 Xp X3 + 4.96 X1 X2 Xy 1)

—3.91X1 X3 Xy () — 4.32X1 X3Xy(1) + 0.045X1 X3Xy(p) + 17.15X2 X3 Xy 1) (22)
—10.28X, X3Xy(p) — 14.02X7 X3 + 3.79X7 Xy (1) — 4.17X5 Xy )

+1094X§X3—|—1121X%X4(1) - 427X%X4(2) — 4.82X1X2X3X4(1 + 2.01X1X2X3X4(2)
—3.55X3 X3 Xy (1) +2.27X3 X3 Xy () — 15.98X3 X3 Xy (1) + 4.48X5 X3 Xy ()

Ya(spade_pp) = 156.35 — 1.825X; + 120.25X5 + 024X X2 +0.0011X3 + 8823 X3 (23)
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Y3 (spade_mpF) = 77.83 — 0.441X1 + 695.49X, — 0.919X, X, + 4.69E — 003X7 — 311.07X3 (24)
Y3 (spade_plywood) = 137.76 — 1.01X1 +760.94X, — 0.76 X1 X5 + 7.43E — 003X7 — 418.66X3 (25)
Y3 (twist_pp) = —8.458 +1.090X; + 21.46X; + 0.53X1 X, — 5.851E — 003X} — 23.81X5 (26)
Y3 (twist_MpF) = —348 + 1.40X1 — 25.82X; 4 0.38X1 X, — 6.90E — 003X7 +31.63X3  (27)

Y3 (suist_plywood) = 1438 + 1.11X1 — 71.33X; + 0.65X Xp — 5.14E — 003X3 +79.90X% (28)

Table 6. The results of ANOVA regarding the factors that affect the thrust force.

Source Sum of Squares df Mean Square F-Value p-Value Observation
Prob > F
Model 1.30 x 10° 35 37,174.59 1698.76 <0.0001 Significant
Drill tip angle (X7) 3138.56 1 3138.56 143.42 <0.0001 Significant
Chipload (X5) 1.03 x 10° 1 1.03 x 10° 4689.81 <0.0001 Significant
Drill type (X3) 8.96 x 10° 1 8.96 x 10° 40,937.1 <0.0001 Significant
Material type (X4) 1.23 x 10° 2 61,670.7 2818.15 <0.0001 Significant
X1Xy 211 1 211 0.096 0.7573 Not Significant
X1X3 7039.54 1 7039.54 321.68 <0.0001 Significant
X1 X4 1.12 2 0.56 0.025 0.9748 Not Significant
XoX3 63,908.62 1 63,908.6 2920.41 <0.0001 Significant
XoX4 4403.39 2 2201.7 100.61 <0.0001 Significant
X3Xy 81,685.81 2 40,842.9 1866.39 <0.0001 Significant
X12 67.29 1 67.29 3.07 0.0838 Not Significant
Xp? 1241.97 1 1241.97 56.75 <0.0001 Significant
X1X2X3 1106.41 1 1106.41 50.56 <0.0001 Significant
X1 XXy 328.27 2 164.14 7.5 0.0011 Significant
X1X3Xy 44417 2 222.08 10.15 0.0001 Significant
XoX3Xy 5366.35 2 2683.17 122.61 <0.0001 Significant
X12X3 3537.74 1 3537.74 161.66 <0.0001 Significant
X1%Xy 191.55 2 95.78 4.38 0.0161 Significant
X22X3 2153.66 1 2153.66 98.42 <0.0001 Significant
X2%Xy 1151.5 2 575.75 26.31 <0.0001 Significant
X1X2X3X4 281.3 2 140.65 6.43 0.0027 Significant
X12X3X4 116.54 2 58.27 2.66 0.0766 Not Significant
X22X3Xy 2446 2 1223 55.89 <0.0001 Significant
R? 0.99
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Figure 13. The influence of the drill tip angle (X;) and chipload (X) on the thrust force in the case of
prelaminated particleboards: (a) spade drill; (b) twist drill.
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Figure 14. The influence of the drill tip angle (X;) and chipload (X) on the thrust force in the case of
MDF: (a) spade drill; (b) twist drill.
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Figure 15. The influence of the drill tip angle (X;) and chipload (X») on the thrust force in the case of
plywood: (a) spade drill; (b) twist drill.

3.2.4. Drilling Torque

The factors that statistically affect the drilling torque (Y4) are presented in Table 7.

The quadratic model that explains the relation between the analyzed inputs and
outputs (in coded form) is presented in Equation (29). The equations in real form are
presented in Equations (30)—(35). The most important factor that affects the drilling torque
is the chipload (Xj). The second one is the drill tip angle (X1). The third one is the drill type
(X3) and the fourth one is the material type (X4). The influence of the drill tip angle (X;)
and chipload (X3) on the drilling torque is presented in Figures 16-18. Also, these results
are correlated with data presented in the literature; namely, the drilling torque is influenced
by the feed rate, drill type, material type, and tip angle of the drilling tool [1,21,22].

—0.25X1 +0.42X5 — 0.21X3 — 0.19Xy(1) — 0.19X,5) — 0.11X1 X5 + 0.04X1 X3
+0.022X1 Xy(1) — 0.022X1 Xy(5) — 0.080X, X3 — 0.084X5 Xy(7) — 0.084X, Xy o)
+0.043X3Xy(1) + 0.043X3Xy5) + 0.022X] — 0.043X5 — 6.32F — 003X X, X3
—0.014X1 Xp Xy (1) — 0.014X1 X5 Xy(2) + 0.011X1 X3 X1y 4 0.011X1 X3Xy(5) — 0.013X2 X3 Xy (1)

—0.013X,X3Xy(5) + 2.96E — 003X7 X3 + 8.24F — 003X7 Xy (1) (29)
+8.24E — 003X1Xy(2) + 0.016X3X;—2.028E — 003X5Xy() — 2.02X3 Xy 5
+0.029X1 X2 X3 Xy (1) + 0.029X1 X2 X3 Xy(5) — 6.50E — 003X5 X3 X (1) — 6.50X5 X3 Xy(2)
—0.015X5 X3 Xy(1) — 0.015X5 X3 Xy ()

Yi(spade_pp) = 0421 — 4.31E — 003X + 2.66X; — 0.010X1 X; + 1.657E — 005X; — 0.51 X3 (30)

Yi(spade_mpF) = 0421 — 4.31E — 003X; +2.66X5 — 0.010X; X5 + 1.657E — 005X; — 0.51 X5 (31)
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Ya(spade_plywood) = 0-97 — 5.57E — 003X; + 3.00X5 — 1.35E — 003X, X, — 5.27E — 006 X7 — 0.935X3 (32)
Yy (rwist_pp) = 0-257 — 2.875E — 003Xy + 1.779X, — 7.45E — 003X1 X + 1.30E — 005X — 0.494X5 (33)
Yy (twist_mpr) = 0.257 — 2.875E — 003Xy + 1.779X5 — 7.45E — 003X1 X, + 1.30E — 005X7 — 0.494X3 (34)
Ya(rwist_plywood) = 0439 — 3.327E — 003Xy +2.55X, — 0.0108X; X5 + 1.048E — 005X7 + 0.061X3 (35)
Table 7. The results of ANOVA regarding the factors that affect the drilling torque.
Source Sum of Squares df Mean Square F-Value p-Value Observation
Prob > F
Model 21.85 35 0.62 4044.71 <0.0001 Significant
Drill tip angle (X1) 222 1 222 14,369.9 <0.0001 Significant
Chipload (X3) 6.47 1 6.47 41,930.8 <0.0001 Significant
Drill type (X3) 434 1 434 28,086.3 <0.0001 Significant
Material type (X4) 7.3 2 3.65 23,650.4 <0.0001 Significant
X1Xo 0.29 1 0.29 1869.47 <0.0001 Significant
X1X3 0.057 1 0.057 370.51 <0.0001 Significant
X1X4 0.036 2 0.018 115.06 <0.0001 Significant
XoX3 0.23 1 0.23 1504.98 <0.0001 Significant
XpXy 0.5 2 0.25 1628.48 <0.0001 Significant
X3X4 0.28 2 0.14 900.26 <0.0001 Significant
X12 8.54 x 1073 1 8.54 x 1073 55.31 <0.0001 Significant
Xp2 0.034 1 0.034 219.16 <0.0001 Significant
X1X2X3 9.61 x 10~* 1 9.61 x 10~* 6.22 0.0149 Significant
X1 XXy 8.84 x 1073 2 442 x 1073 28.64 <0.0001 Significant
X1X3Xy 8.49 x 103 2 424 x 1073 27.49 <0.0001 Significant
XpX3Xy 0.011 2 5.70 x 1073 36.9 <0.0001 Significant
X12X3 1.58 x 1074 1 1.58 x 10~4 1.02 0.3156 Not Significant
X12Xy 245 x 1073 2 1.23 x 1073 7.93 0.0008 Significant
Xp? X3 436 x 1073 1 436 x 1073 28.26 <0.0001 Significant
X2 Xy 148 x 1074 2 7.40 x 107° 0.48 0.621 Not Significant
X1 XpX5Xy 0.04 2 0.02 130.07 <0.0001 Significant
X12X3Xy 1.52 x 1073 2 7.61 x 1074 493 0.0099 Significant
X52X3Xy 7.73 x 1073 2 3.86 x 1073 25.03 <0.0001 Significant
R? 0.99

(a)

of prelaminated particleboards: (a) spade drill; (b) twist drill.

(b)

Figure 16. The influence of the drill tip angle (X;) and chipload (X;) on the drilling torque in the case
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Figure 17. The influence of the drill tip angle (X;) and chipload (X;) on the drilling torque in the case
of MDF: (a) spade drill; (b) twist drill.

2.50

2.00

1.50

1.00

0.50

0.00

1.50

SSSu. 75\ 1.00 =
= % =
SOLED
=
> 000
“ 120 07 e 120
yd 100110 06 T / 100110
o 90 05" > ~ L 90
2w P X1 (degrees) X2 (mm) T2 T 0 X1 (degrees)
(a) (b)

Figure 18. The influence of the drill tip angle (X;) and chipload (X;) on the drilling torque in the case
of plywood: (a) spade drill; (b) twist drill.

In Table 8, the criteria are presented that were defined in the Design Expert Software
version 9 (Stat-Ease Inc., Minneapolis, MN, USA), which used the desirability function
approach during this multiple response optimization study, to reveal the optimum values
of factors during drilling of wood-based composites. The optimization algorithm starts
by assigning to each response (Y7) an individual desirability function (d;). The assigned
value is between 0 and 1. When the analyzed output or dependent variable fulfills the
optimization goal, the d; is equal to 1. These individual desirabilities are pooled by means
of the geometric mean, which represents the overall desirability (D) and it is calculated by
Equation (36) [23].

D = (dy (Y1) xda (Ya)X..xdn (Y )) /" (36)

where n represents the number of dependent variables during the optimization study.

The obtained results are presented in Table 9. One could observe that a twist drill
assures a high coefficient of desirability compared to a spade drill in the case of the analyzed
wood-based materials (PB, MDF, and plywood). Therefore, it could be stated that a twist
drill leads to a more efficient drilling than a spade drill. The same results were obtained by
Kumar and Jayakumar [10]. In addition, it can be observed that a twist drill tip equal to
30° with a chipload of 0.1 mm/rev. could be used to drill the prelaminated particleboard,
MDF, or plywood. A twist drill with « = 120° and a chipload of 0.1 mm/rev. could be used
to efficiently drill both the PB and MDF boards. A drill tip angle of 90° and a chipload of
0.1 mm/rev. also assure an optimal drill both for plywood and PB when the drill type is
either twist or spade.
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Table 8. Criteria for different factors and responses defined in the optimization study.

. Goal Mini .
Independent Variables oa Lmum Maximum Value Level of Factor Importance
Settings Value

Drill tip angle (X1) 30 120 3

Chipload (X») In range 0.1 0.7 3

Drill type (X3) Spade Twist 3

Material type (X4) Equal to PB MDF Plywood
Dependent Variables

Delamination factor at the inlet (Y1) 1 1.46 3

Delamination factor at the outlet (Y5) Minimi 1 2.45 3

Thrust force (Y3) 1nimize 23.66 43391 3

Drilling torque (Yy) 0.18 2.38 3

Table 9. The optimum solution regarding the drilling of wood-based composites.
. Delamination Factor = Delamination Factor [
Sok[x:)lon X, X, X at the Outlet at the Inlet Thrust Force (N) Drilling Torque (Nm) D
1,/\1 Y Egr1 1?2 Y, Egr2 11/\3 Y3 Egrs 1;4 Yy Era
Prelaminated particleboard (PB)
1 31.47* 0.1 Twist 1.12 1.00 12.0 1.08 1.08 0.00 2366 2148 10.15 0.329 0.37 11.08  0.896
2 120 0.1 Twist 1.14 1.09 4.59 1.01 1.10 8.18 4648 38.67 2020 0.184 0.192 417  0.894
3 60 0.1 Twist 1.13 1.01 11.8 1.05 1.16 948  41.09 4241 3.11 0.260 0.248 4.84 0.892
4 90 0.1 Twist 1.14 1.01 1287 1.03 1.13 8.85 49.08 50.89 356  0.209 0.194 7.73 0.892
5 63.18 ** 0.1 Spade 1.17 1.28  8.59 1.20 1.05 1429 10139 6492 56.18 0.409 0.35 16.86  0.793
6 90 0.1 Spade 1.17 128 859 1.27 1.21 496 10036 9349 735 0332 0317 473 0788
7 30 0.1 Spade 1.17 1.27 7.87 1.11 1.20 750 12534 126.64 1.03 0.535 0.611 1244 0.781
MDF
8 30 0.1 Twist  1.00 1.00 0.00 1.04 1.00 4.00 3123 2466 26.64 0.33 0.373 11.53  0.97
9 120 0.1 Twist  1.00 1.00 0.00 1.03 115 1043 6757 59.03 1447 0.184 0.154 19.48  0.96
10 56 ** 0.1 Twist  1.00 1.00 0.00 1.00 1.00 0.00 5350 5993 1073 0.268 0.322 16.77  0.96
11 89.91 **+* 0.1 Twist  1.00 1.00 0.00 1.04 1.00 4.00 67.88 75.10 9.61 0.211 0.147 4354 0.96
12 61.18 ** 0.1 Spade 1.08 1.06 1.89 1.16 1.16 0.00 129.22 13005 0.64 0415 0453* 839 0.832
13 37.07* 0.1 Spade 1.09 1.03 5.83 1.08 1.13 442 13095 121.00 822 0506 0.450* 12.44 0.828
14 119.71*** 0.1 Spade 1.06 1.08 1.85 1.36 1.32 3.03 14773 13524 924 0.275 0.212 29.72  0.812
Plywood

15 30.00 0.1 Twist 1.03 1.05 1.90 1.00 1.00 0.00 3893 28.00 39.04 0572 0.539 6.12  0.923
16 90.75 0.1 Twist 1.04 1.05 0.95 1.00 1.07 654 7311 80.65 9.35 0.381 0.352 8.24 0.873
17 30.00 0.1 Spade 1.11 1.11 0.00 1.31 117 1197 183.73 17511 4.92 1.08 1.02 5.88 0.681
18 90.00 0.1 Spade 1.17 1.11 5.41 1.70 210 19.05 17218 18192 5.35 0.70 0.617 13.45 0.630

The rounded value of the drill tip angle: * « = 30°; ** ot = 60°; *** o¢ = 90°; **** & = 120°.

Since the relative error between experimental and predicted values, which was cal-
culated with Equation (37), has reasonable values, it could be stated that the proposed
methodology represents a tool that could be used to optimize the drilling process of wood-
based composites like prelaminated wood-particleboard, MDF, and plywood.

’Y—Y

Fg = x 100 (37)

Y
where Ey, is the relative error (%), Y is the experimental value, and Y is the predicted value.
The obtained results regarding the delamination factor during drilling of wood-based
composites are correlated with the data published in the literature; namely, a small tip
angle with a low feed rate assures a lower delamination factor and a lower thrust force
during drilling of wood-based composites [1,6]. The drill type and chipload affect both the
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thrust force and drilling torque [2,21,22]. The material type influences both the quality of
holes and cutting forces during drilling of wood-based composites [9].

4. Conclusions

e  Artificial neural networks (ANNSs) and response surface methodology (RSM) were
successfully applied to predict drilling parameters to optimize the delamination factor,
thrust force, and drilling torque in a particleboard, MDF, and plywood. Compared to
experimental data, both the ANN and RSM models demonstrated reasonable accuracy,
as evidenced by their high coefficient of determination (R?), which indicates their
effectiveness in revealing the individual influence of factors on the drilling process.
The material type was found to significantly impact the delamination factor.

The drill type (twist vs. spade) primarily influenced the thrust force.
The chipload (feed rate) was identified as the most critical factor affecting drilling torque.

The proposed method can be used as an effective optimization tool for drilling
wood and wood-based composites. Further research could explore additional factors
influencing the drilling process and integrate online monitoring techniques for real-time
process optimization.
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