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The study investigates the influence of three different drilling kinematic systems on the sur-
face roughness (Rt) of holes machined in quenched-and-tempered 40HM (AISI 4140) steel. A
full experimental campaign was carried out using a CNC machining center and solid carbide
internal-coolant drills. The spindle speed (n), feed per revolution (fn), and drilling kinematics
were evaluated using a Taguchi L27 orthogonal array supported by ANOVA and response
surface methodology (RSM). The results show that spindle speed is the most influential pa-
rameter (46.27% contribution to Rt variability), followed by the kinematic system (34.45%)
and feed per revolution (19.28%). The most favorable surface roughness was obtained for the
first kinematic system, combining tool rotation with an additional axial oscillation. Higher
spindle speeds and a feed of 0.14 mm/rev yielded the lowest Rt values across most configu-
rations. The findings highlight the importance of selecting an appropriate kinematic system,
demonstrating that non-standard drilling kinematics can significantly enhance hole quality in
heat-treated steels.

Key words:
ANOVA, CNC, drilling,
kinematics, surface roughness.

Cite this article as: Adin, M. $., & Bronis, M. (2026). Assessment of drilling kinematic con-
figurations and their contribution to surface roughness formation in 40HM+QT steel. ] Adv
Manuf Eng, 7(1), 1-10.

INTRODUCTION sional accuracy, joint durability, load-bearing capacity, and
the functionality of machine components [7-9].
An important factor influencing the drilling process is

the kinematic arrangement, i.e., the distribution of rotation-

Drilling is one of the basic processes of material removal,
commonly used in the manufacture of machine parts made

of structural steel, tool steel, and difficult-to-machine alloys
[1-3]. A particularly important area of research is the drill-
ing of heat-treated steels, which, due to their high hardness,
strength, and fatigue resistance, are difficult to machine
[4-6]. During the drilling process, hardened and tempered
steels generate significant cutting forces, increased tem-
peratures, and intensive tool wear, which directly affects the
surface quality of the holes made. One of the key indicators
of this quality is surface roughness, which affects dimen-

*Corresponding author.
*E-mail address: mehmetsukru.adin@batman.edu.tr

al and feed movements between the tool and the workpiece.
In a classic system, the tool performs both rotational and
feed movements, while in a reverse system, the workpiece
rotates [10-12]. In mixed systems, the rotational movement
is shared between the tool and the workpiece in different
proportions, which changes the dynamic parameters of the
process, chip removal, and temperature distribution. These
differences directly affect cutting stability, vibration ampli-
tude, and thermal conditions, which in turn influence sur-
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face roughness parameters such as Ra, Rz, and Rt [11, 12].
Despite the importance of kinematic arrangements, most
available studies focus on classical drilling, indicating that
the topic remains insufficiently explored in the literature. In
the available studies on drilling, mathematical models de-
scribing surface roughness are rarely found, as emphasized
by numerous authors. Balaji, Rao, and Murthy [13] devel-
oped a predictive model for the Ra parameter, taking into
account the drill tip angle, feed rate, and spindle speed. Ku-
mar and Singh [14] proposed a similar model structure, but
included the type of drill bit as an additional factor. Other
models presented in the literature, e.g., Kilickap et al. [15],
are based only on cutting speed, feed rate, and drilling en-
vironment (dry, MQL, air), while Pakistani researchers [16]
used a logarithmic approach, describing the Ra parameter
as a function of rotational speed, feed rate, and depth of
cuts. Ravindranath et al. [17] presented a more comprehen-
sive model, including four input factors: workpiece materi-
al, rotational speed, feed rate, and drill coating, achieving
an accuracy of 83%. One of the most extensive models was
presented by Indian authors [18], who took into account as
many as five input parameters - tool type, rotational speed,
feed rate, drill diameter, and workpiece material - achiev-
ing a high correlation between the model and experimental
results, reaching 98%. However, the vast majority of pub-
lications focus not on the development of mathematical
models, but on the analysis of the impact of individual or
several technological parameters on hole roughness. Aamir
et al. [19] studied the impact of feed rate and rotational
speed, while Italian authors [20] analyzed 3D height and
amplitude parameters (Sa, Sq, Ssk, Sku). Khanna et al. [21]
assessed the importance of cooling conditions, and German
researchers [22] focused on Rz parameters for different
tools. Wegert et al. [23] analyzed the Ra, Rz, and Rt param-
eters depending on the drilling depth, and researchers from
India [24] took into account the presence of cooling, feed
rate, rotational speed, and hole depth, basing their analysis
on an L18 orthogonal table. Subsequent studies concerned,
among other things, the optimization of drilling parame-
ters [25, 26], analysis of the influence of drill geometry [27],
the influence of rotational speed [28], the impact of feed
and cutting speed [29], evaluation of the design of cooling
channels, the use of LN, and LCO, cryogenic cooling [30],
and the influence of tool coatings [31, 32]. In summary, the
world literature indicates a large number of studies on the
influence of technological parameters on hole roughness,
but there are few studies that take into account different
kinematic arrangements of the drilling process. There is
therefore a need for further exploration of the influence of
the kinematic system on surface roughness, especially in
the case of heat-treated steels, where machining conditions
are particularly demanding. A thorough understanding of
these relationships may contribute to the development of
more effective machining strategies and improve the quali-
ty of holes made in materials with increased hardness.
Recent studies have emphasized that drilling machin-
ability and hole surface quality are strongly influenced not
only by cutting parameters, but also by material condition

and microstructural modifications resulting from alloying
or heat treatment. Giildibi et al. [33] demonstrated that
variations in aging conditions significantly affect drill-
ing forces, surface quality, and tool wear in high-strength
steels, highlighting the critical role of material state in drill-
ing performance. Similarly, Baysal et al. [34] reported that
microstructural refinement induced by rare-earth alloying
in aluminum alloys leads to improved surface integrity and
reduced thrust force during drilling.

Despite these advances, current literature predominant-
ly focuses on conventional drilling kinematics, while the in-
fluence of alternative or non-standard kinematic configura-
tions on surface roughness formation remains insufficiently
explored. Therefore, the present study aims to fill this gap
by systematically evaluating the effect of different drilling
kinematic systems on the Rt surface roughness parameter
in heat-treated 40HM (AISI 4140) steel.

MATERIALS AND METHODS

The material selected for testing was medium-carbon
alloy steel 40HM (equivalent to AISI 4140), supplied in a
heat-treated state (QT - quenching and tempering). This
steel is commonly used in machine components subjected
to high variable loads due to its favorable combination of
high strength, impact resistance, and wear resistance. The
process of hardening followed by tempering stabilizes the
mechanical properties of the material and ensures a homo-
geneous structure with controlled hardness, which is crucial
for precision machining. 40HM+QT steel is characterized by
increased hardenability resulting from the presence of chro-
mium and molybdenum, which promote the formation of a
tempered martensitic-bainitic structure. This structure pro-
vides both high strength and adequate fracture resistance,
which distinguishes this material from non-alloy structur-
al steels. An additional advantage of 40HM steel is its good
machinability compared to other high-strength steels, which
is important for turning, drilling, and milling operations.
These properties make 40HM steel suitable for manufac-
turing shafts, gears, pins, bushings, and other components
exposed to high operational loads [35, 36]. Figures 1 and 2
depict the percentage chemical composition and properties
of heat-treated steel 40HM (equivalent to AISI 4140).

The research was conducted using a machining center
equipped with a twelve-position tool head in the VDI30
standard according to DIN 5480, enabling automatic re-
placement of fixed and rotating tools. The machine has a
main spindle with a maximum speed of 5000 rpm, a rated
power of 20 kW, and a maximum torque of 2200 Nm, which
allows drilling processes to be carried out within a wide
range of parameters, including in difficult-to-cut materials.

The design of the center is based on a rigid support
frame with optimized geometry, ensuring high resistance
to dynamic loads and minimizing vibrations and displace-
ments of the tool-workpiece system. Such structural rigidity
is essential for achieving high geometric accuracy and low
surface roughness in drilled holes. In addition, the device is
equipped with a coolant filtration system that maintains the
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Figure 1. Chemical composition of heat-treated 40HM+QT
steel.

Figure 2. Properties of heat-treated steel 40HM+QT.

cleanliness of the machining fluid by effectively removing
metal particles, which translates into increased tool life and
improved surface quality of machined parts. The “DMG
CTX Alpha 500 CNC machine” used in this experimental
research is depicted in Figure 3.

In the experimental part, a monolithic drill with a di-
ameter of 6 mm was used, equipped with internal channels
supplying coolant directly to the cutting zone. This design
promotes effective heat dissipation and efficient chip re-
moval, which in turn reduces tool wear and has a positive
effect on the quality of the machined hole surface.

The research included an analysis of three innovative
methods of drilling. The first one involved a configuration
in which the tool performs the main rotary motion and
an additional reciprocating motion along the drilling axis,
while the workpiece remains stationary, clamped in the soft
jaws of a lathe chuck. A schematic diagram of this method
is depicted in Figure 4. This configuration reduces cutting
forces, improves chip evacuation, and minimizes adverse

Figure 3. View of the DMG CTX alpha 500 CNC machine.

Figure 4. First kinematic system.

Figure 5. Second kinematic system.

effects associated with material expansion during drilling.
In addition, the oscillatory motion helps to reduce internal
stresses and improves the straightness of the hole.

The second solution analyzed was based on simultane-
ously setting both the tool and the workpiece in rotational
motion, with both elements rotating in opposite directions
(Fig. 5). This kinematic arrangement made it possible to
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Table 1. Drilling process parameters used in the experiments

Factor Symbol Unit Values

Spindle speed n rpm 3183, 3979, 4775

Feed per revolution , mm/rev 0.10,0.12,0.14
Kinematic system KIN - I, 11, III

Drill diameter D mm 6

Point angle of tool - ° 140

Chip flute length - mm 44

Drill type - - Solid carbide, internal coolant
Coating - - TiAINPlus

Cooling method - - Flood cooling

Workpiece material -

- 40HM (AISI 4140) + QT

Figure 6. Third kinematic system.

achieve a total rotational speed corresponding to the values
used in the first and third test configurations.

The use of counter-rotating movements leads to an in-
crease in cutting speed in the tool-material contact area,
which can contribute to the intensification of the stock re-
moval process and reduce the formation of build-up on the
cutting edge. Additionally, this motion configuration has
been shown to reduce axial forces and improve geometric
hole parameters of drilled holes, in particular their straight-
ness and surface roughness.

This variant is an example of a non-standard approach
to machining, in which the modification of the process ki-
nematics allows for the optimization of cutting parameters
and improvement of the quality of the results obtained.

The third drilling concept analyzed was based on a clas-
sic kinematic arrangement, in which the tool remains sta-
tionary in terms of rotational movement and only performs
axial feed along the drilling direction, while the main ro-
tational movement is performed by the workpiece (Fig. 6).
This type of configuration is commonly used in traditional
drilling operations, both on conventional and numerically
controlled (CNC) lathes. In this system, the drill is mount-
ed in a stationary holder, and the rotation of the workpiece
results from the operation of the machine spindle. This

configuration ensures high concentricity and repeatability
of hole geometry, particularly in rotationally symmetrical
components, and with appropriately selected feed and cool-
ing parameters, it ensures efficient chip removal.

A set of combinations of various input parameters was
created to carry out the experimental work (n = 3183; 3979;
4775 rpm, fn =0.1; 0.12; 0.14 mm/rev, KIN I, KIN II, KIN
III). The kinematic system was recorded as equation (1) con-
taining the resultant rotational speed of the cutting process.

KIN=n_-n (1)

where: KIN - kinematic system n_ - tool rotational
speed, n - spindle rotational speed

To systematically investigate the influence of drilling
parameters and kinematic configuration on surface rough-
ness (Rt), the Taguchi design of experiments (DOE) meth-
od was employed. The Taguchi approach enables efficient
evaluation of multiple control factors with a reduced num-
ber of experiments while maintaining statistical robustness.

In this experimental research, three control factors were
selected: spindle speed (n), feed per revolution (f ), and
drilling kinematic system (KIN). Each factor was examined
at three levels, resulting in a Taguchi L27 (3%) orthogonal
array. This design allows for the assessment of both main
effects and interactions between parameters while mini-
mizing experimental effort.

Table 1 summarizes the main drilling parameters and tech-
nological conditions applied in the experimental study. These
parameters were selected based on tool manufacturer recom-
mendations, preliminary trials, and machine tool limitations.

The selected spindle speed and feed per revolution levels
were determined based on tool manufacturer recommenda-
tions for drilling heat-treated alloy steels, preliminary trial
cuts, and the operational limits of the CNC machining cen-
ter. The adopted parameter ranges ensured stable cutting
conditions without excessive tool wear, chatter, or thermal
damage while allowing a clear differentiation of surface
roughness responses. The three kinematic systems were
chosen to represent fundamentally different drilling motion
configurations, including non-standard kinematic solutions,
enabling a direct comparison of their influence on surface
roughness formation under identical cutting conditions.
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Figure 7. View of the Taylor Hobson Form Talysurf PGI
1230 contact profilometer used to measure hole surface
roughness (Rt) in 40HM+QT. Measurements were taken
on the internal sidewall at mid-depth.

In this experimental research, surface roughness was deter-
mined using a Taylor Hobson Form Talysurf PGI 1230 contact
profilometer (Fig. 7). The device used ensures high measure-
ment accuracy and repeatability of the results obtained.

The design of experiments (DOE) approach was then
applied, using an orthogonal L27 matrix in accordance with
the Taguchi method. This allowed for the simultaneous
evaluation of the influence of spindle speed (n), feed per
revolution (f ), and kinematic drilling variant as input fac-
tors on surface roughness (Rt) as a response. A multi-factor
analysis of variance (ANOVA) was performed to determine
the significance of individual parameters and their inter-
actions. The approach used made it possible to reduce the
number of necessary trials while maintaining statistical re-
liability, providing a solid basis for identifying the key fac-
tors affecting the quality of the holes made.

RESULTS AND DISCUSSION

Table 2 depicts the experimental results obtained within
the scope of this research. The following results are present-
ed in relation to the roughness Rt of the 40HM+QT sam-
ples. The study utilized a total of 27 samples.

The experimental results revealed a significant variation
in the Rt surface roughness values depending on the drill-
ing parameters and kinematic configuration. The lowest Rt

Table 2. Experimental results

Trial n,rpm  f,mm/rev  KIN,rpm Rt,um
1 4775 0.14 4775 2.222
2 4775 0.14 -4775 3.698
3 4775 0.14 0 3.806
4 3979 0.14 3979 3.835
5 3979 0.14 -3979 4.138
6 3979 0.14 0 4.336
7 3183 0.14 3183 3.711
8 3183 0.14 -3183 3.822
9 3183 0.14 0 4.254
10 4775 0.12 4775 3.594
11 4775 0.12 -4775 4.38
12 4775 0.12 0 4.003
13 3979 0.12 3979 3.987
14 3979 0.12 -3979 4.254
15 3979 0.12 0 4.574
16 3183 0.12 3183 4.054
17 3183 0.12 -3183 4.107
18 3183 0.12 0 3.945
19 4775 0.1 4775 3.924
20 4775 0.1 -4775 4.215
21 4775 0.1 0 4.209
22 3979 0.1 3979 4.277
23 3979 0.1 -3979 4.116
24 3979 0.1 0 4.235
25 3183 0.1 3183 4.152
26 3183 0.1 -3183 4.371
27 3183 0.1 0 4.006

KIN: Kinematic system.

value of 2.222 um was obtained for the first kinematic sys-
tem (KIN I) at a spindle speed of 4775 rpm and a feed of
0.14 mm/rev, whereas the highest Rt value reached 4.574
pum for the third kinematic system (KIN III) at 3979 rpm
and a feed of 0.12 mm/rev. This corresponds to an increase
in surface roughness of approximately 106%, indicating a
substantial deterioration in surface quality when unfavor-
able kinematic and cutting conditions are applied. On av-
erage, the use of the first kinematic system resulted in Rt
values that were approximately 30-45% lower compared to
the second and third kinematic configurations, confirming
the beneficial effect of superimposed axial oscillation on
surface quality. The Rt values obtained within the scope of
this experimental research are depicted in Figure 8.
Analysis of variance (ANOVA) was performed using the
response surface method (RSM), which is a structured ap-
proach to modeling and optimizing process results depend-
ing on input variables (Table 3). This method combines the
features of polynomial regression, which describes the vari-
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Figure 8. Rt values obtained within the scope of this exper-
imental research.

ability of the response as a function of the numerical values
of independent variables, and factorial regression, which
is characteristic of classical experimental designs. The re-
sponse surface regression model allows for both linear and
nonlinear (quadratic) effects, as well as interactions between
factors. The generalized form of the model for two indepen-
dent variables is represented by the following equation (2):

Y=b,+b, X +b, X +b X *+b, X *+b X X, (2)

where:

-y - the value of the response variable (e.g. Rt),

- b, - free expression,

- b, b*> - linear regression coefficients,

- b,, b, - quadratic regression coefficients,

- b, - interaction coefficient between variables.

In the context of this experimental research, the contri-
bution rates obtained as a result of the ANOVA analysis are
depicted in Figure 9.

Figure 9. Percentage contribution for Rt.

Figure 9 depicts that spindle speed accounted for 46.27%
of the variation in the Rt parameter. The kinematic system
had an impact of 34.45%, while the rest was attributable to
the feed per revolution (19.28%).

In analyzing kinematic system (equation 3),

Rt =-10.44+4.52.10%n-4.31-107-n%+
+111.22f-342.91.f 43.77-10*-KIN+
-1.42-10%KIN?-9.84-10"n-f -4.99-10°%-n-KIN+

-1.83-10°f -KIN (3)

where: n - spindle speed value, f - feed rate per revo-
lution, KIN - kinematics, n-f - interaction of spindle speed
value with feed rate per revolution, n- KIN - interaction of
spindle speed value with kinematics, f - KIN - interaction
of feed rate per revolution with kinematics. As seen in Fig-
ure 10, the main effects plot is depicted.

The data presented in Figure 10 depicts that using a ro-
tational speed of 4775 rpm, the lowest Rt parameter value of
3.783 um was obtained, which corresponds to a reduction
in surface roughness of approximately 17-18% compared
to the highest Rt values recorded at the lowest rotational
speed used in the experiments. The most favorable feed rate
per revolution, for which the Rt parameter value of (Rt =

Table 3. ANOVA statistical analysis for the roughness Rt drilled in 40HM+QT

Source SS DF MS F P PC
Model 3.6093 9 0.4010 5.9780 0.0008

Constant 0.2835 1 0.2835 4.2264 0.0555

n 0.6583 1 0.6583 9.8135 0.0061 21.84
n? 0.4486 1 0.4486 6.6866 0.0192 14.89
f 0.1893 1 0.1893 2.8221 0.1113 6.28
f2 0.1129 1 0.1129 1.6827 0.2119 3.75
KIN 0.4155 1 0.4155 6.1936 0.0235 13.79
KIN2 0.3510 1 0.3510 5.2316 0.0353 11.65
n-fn 0.2945 1 0.2945 4.3904 0.0514 9.77
n-KIN 0.2806 1 0.2806 4.1834 0.0566 9.31
fn-KIN 0.2629 1 0.2629 3.9186 0.0642 8.72
Error 1.1405 17 0.0671 24.01
Total 4.7498 26 100.00

KIN: Kinematic system.
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Figure 10. The main effects plot for Rt.

Figure 11. Influence of technological parameters in the first kinematics on the Rt parameter of a hole in heat-treated

40HM+QT steel based on equation (3).

3.758 um) was obtained, is 0.14 mm/rev, representing an
improvement in surface roughness of approximately 10-
12% in comparison with the least favorable feed rate ap-
plied in this study. Using the first kinematic system in the
process of drilling heat-treated 40HM+QT steel, the low-
est Rt parameter value of 3.751 pm was obtained, which is
approximately 18-19% lower than the Rt values obtained
using the third kinematic system. It was observed that re-
ducing feed per revolution generally decreases the Rt value.
Graphical simulations based on response surface re-
gression (RSM) enable visual representation of the relation-
ship between input parameters (spindle speed, feed rate
per revolution, and kinematic drilling variant) and output
responses (surface roughness Rt). The developed models
provide a consistent tool for assessing the impact of techno-
logical variables on hole quality and allow for comparison
of the effectiveness of different drilling process variants.
Analyzing Figure 11 for the first kinematic system, it
was found that using the highest tested feed rate per revolu-
tion of 0.14 mm/rev and the highest spindle speed of 4775
rpm, the lowest Rt parameter value was obtained. In this

case, changing the spindle speed and feed per revolution
significantly worsens the Rt parameter.

When analyzing Figure 12 for the second kinematic sys-
tem, it was found that using the smallest feed per revolution
of 0.1 mm/rev and the lowest spindle speed of 3183 rpm re-
sulted in the lowest Rt parameter value. In this case, using the
highest feed value 0.14 mm/rev and the highest tested spindle
speed value also resulted in the lowest Rt parameter value.

On the other hand, when analyzing Figure 13 for the
third kinematic system, it was noticed that using the highest
feed rate per revolution of 0.14 mm/rev and the highest spin-
dle speed of 4775 rpm resulted in the lowest Rt parameter.

CONCLUSION

The experimental results clearly demonstrate that the
kinematic system applied during drilling plays a decisive
role in shaping the surface roughness of holes machined
in heat-treated 40HM+QT steel. Based on the Taguchi L27
design, ANOVA, and RSM modeling, the following conclu-
sions can be drawn:
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Figure 12. Influence of technological parameters in the second kinematics on the Rt parameter of a hole in heat-treated
40HM+QT steel based on equation (3).

Figure 13. Influence of technological parameters in the third kinematics on the Rt parameter of a hole in heat-treated
40HM+QT steel based on equation (3).

ing for 46.27% of the total influence on the Rt param-
eter. Higher spindle speeds generally resulted in lower
roughness values due to more stable chip formation and
reduced cutting force fluctuations.

The kinematic system contributed 34.45%, confirming
that the way rotational and feed motions are distribut-
ed between the tool and the workpiece has a substantial
impact on the dynamic behavior of the process.

« Spindle speed (n) was the dominant factor, account- « The first kinematic system, combining tool rotation

with an additional axial oscillation, provided the lowest
overall Rt values (3.75 um).

The oscillatory component improves chip evacua-
tion and reduces built-up edge formation, resulting in
smoother surface profiles.

Feed per revolution (19.28% contribution) showed a
less pronounced but still relevant effect.

Interestingly, the lowest Rt values were often obtained at
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the highest tested feed of f = 0.14 mm/rev, which suggests
more stable chip segmentation within the tested range.

o RSM visualizations confirmed that the combination of
high spindle speed and the first kinematic system forms
the most favorable drilling conditions for achieving
minimal Rt values.

« The results also show that for the second and third ki-
nematic systems, optimal parameter windows differ sig-
nificantly, indicating that each kinematic variant should
be optimized independently rather than by direct pa-
rameter translation.

o Opverall, the study demonstrates that non-traditional
kinematic systems can significantly improve surface
roughness in drilling heat-treated steels, and may be
considered a practical alternative for boosting hole
quality without additional technological modifications.

« The findings provide a foundation for future optimiza-
tion of drilling operations in difficult-to-cut materials
and indicate that kinematic configuration should be
treated as a primary process parameter rather than an
auxiliary factor.
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INTRODUCTION

ABSTRACT

Glass fiber-reinforced polymer (GFRP) composites are widely used in industry due to their
advantageous properties, such as a high strength-to-weight ratio. However, during the pre-
paratory processes for bolted or riveted joints, drilling operations often lead to delamination
damage, which adversely affects the mechanical performance and reliability of these materials.
In this study, the effects of different cutting speeds and feeds on thrust force and delamination
damage during the drilling of GFRP composites were investigated. The maximum thrust forc-
es generated during the hole drilling process were measured, and post-drilling deformations
were examined. Mathematical models were developed using the response surface method
(RSM) to predict thrust force and delamination under various cutting conditions determined
by the selected drill geometry. The results of the analysis of variance (ANOVA) showed that
the developed models were statistically significant with a confidence level of over 90%. It was
found that feed is the dominant parameter influencing thrust force, whereas cutting speed
plays a primary role in determining the extent of delamination. The results provide valuable
insights for establishing optimum cutting conditions aimed at minimizing drilling damage in
GFRP composite machining.

Cite this article as: Nehri, Y. E., Sener, M., Kirzuk, S.B., Cetiner, S., Dinger, O.T., & Oral, A.
(2026). Investigation of the deformation and thrust forces generated during the drilling of
GFRP composites. ] Adv Manuf Eng, 7(1), 11-20.

bly requirements or dimensional tolerances [3-5]. During
the drilling process, problems such as delamination, fibre

Glass fibre reinforced polymer (GFRP) composite ma-
terials, which are indispensable in engineering applications,
are widely used in many industries such as wind turbine
manufacturing, automotive, aerospace, and marine due to
their lightweight nature and cost-effectiveness [1-3]. Al-
though composite materials are generally manufactured
in shapes close to the final geometry, machining opera-
tions such as drilling are often required to achieve assem-
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pull-out, fibre breakage, micro-cracks, and poor hole sur-
face quality are encountered due to the layered and aniso-
tropic structures of composite materials. These problems
compromise material integrity, reduce strength, and may
lead to parts being scrapped during the production process.
Therefore, minimizing damage during drilling, specifically
achieving high hole surface quality with minimal delam-
ination and thrust force, is of critical importance. Deter-
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mining the optimum hole drilling parameters according to
experimental designs by avoiding multiple experiments to
determine the minimum damage is important in terms of
time efficiency, cost reduction, and improved manufactur-
ing quality [5-10].

Errors that occur after drilling are generally associated
with factors such as incorrect drilling parameters, improp-
er selection of the cutting tool, and thrust force. Numerous
studies in the literature indicate that feed rate has a signif-
icant effect on delamination and thrust force [9,11-15].
These studies generally report that the thrust force and
delamination increase with increasing feed or feed rate
[5,9,10,16], while no significant increase or decrease is
observed with increasing cutting speed [15,17-22]. The
temperature increase in the hole region resulting from
increasing cutting speed can cause local softening of the
composite material, reducing the thrust force, alternatively
may increase delamination due to undesirable effects such
as fiber entanglement without softening [3]. Increasing the
diameter of the cutting tool, one of the parameters affecting
delamination and thrust force, increases delamination and
thrust force [5]. Since the hole diameter is known during
the assembly process, no change in the drill diameter is re-
quired. However, the effect of the drill tip geometry on de-
lamination and thrust force is of critical importance. It has
been reported that better results are obtained at lower point
angles in the drilling of GFRP composite materials [9,23].

Various analysis and optimization methods are used
to overcome processing difficulties, such as delamination
in drilling operations, and to determine optimal drilling
parameters. Abdul Nasir et al. [22] emphasized that feed
rate, rather than cutting speed, is the dominant parameter
affecting thrust force in the drilling of flax fiber composites.
Ertiirk et al. [20] investigated the drilling characteristics
with different drill geometries, feed rates, and cutting speed
parameters, and analyzed their experimental results using
the response surface method. They reported that thrust
force and cutting torque increased with increasing feed
rate, while cutting speed had no significant effect. They also
emphasized that the drill tip coating is a significant factor
affecting the sample temperature during drilling.

Karimi et al. [24] investigated the effects of the nanoma-
terial content in the composite structure, drill diameter, feed
rate, and cutting speed on drilling conditions. According
to ANOVA results, they emphasized that the effect of drill
diameter on delamination is negligible, while feed rate has
the most significant effect. They concluded that there was a
significant interaction between the feed rate and the cutting
speed. Karaca [25] investigated the effects of cutting speed,
feed rate, and drill tip angle on exit delamination and em-
phasised that cutting speed has no significant effect, while
feed rate and drill tip angle strongly influence the delam-
ination factor. Also, the study reported that low feed rates
combined with small tip angles yield minimal deformation.
Shanmugam et al. [26] investigated the effects of drill bit
angle, feed rate, and cutting speed on thrust force, delami-
nation, and burr formation. They reported that thrust force
increases with higher feed rates and cutting speeds and that

a 118° drill tip angle results in lower thrust forces. ANOVA
results showed that thrust force is influenced primarily by
cutting speed, followed by feed rate and drill tip angle, while
delamination is significantly affected by feed rate. Kalita et
al. [14] examined the effects of material thickness, drill di-
ameter, cutting speed, and feed rate, each at three levels, on
delamination. They concluded that delamination decreas-
es with increasing material thickness and decreasing feed
rate. While feed rate had a dominant effect on delamina-
tion, cutting speed had no significant effect. To determine
the minimum delamination factor, they employed Genetic
Algorithm (GA) and Particle Swarm Optimization (PSO),
emphasising that both methods converged to the same op-
timal solution, although PSO achieved faster performance.
Behera et al. [27] investigated the entry delamination factor
and surface roughness values (Ra-Rq) using the parameters
of material thickness, drill diameter, cutting speed, and feed
rate during the drilling process. Using artificial neural net-
works (ANN), they established predictive relationships and
analyzed the results. Experimental findings indicated that
feed rate is the most influential parameter for both output
responses. They concluded that delamination decreased
with increasing material thickness and decreasing feed rate,
while surface roughness increased with higher feed rate.
Spindle speed was found to have no significant effect. Xu
et al. [21] investigated drilling experiments using different
feed rates, cutting speeds, and drill bits (double-edged and
dagger-drills). Xu et al. [21] conducted drilling experiments
using different feed rates, cutting speeds, and drill bits (dou-
ble-edged and dagger-drills). They examined the effects of
the parameters on cutting forces, machining temperatures,
and delamination as a result of the drilling process. They
noted that cutting speed had no significant effect on thrust
force, but plays a major role in temperature generation. They
also demonstrated that drilling could be performed without
delamination using a double-point-angle drill. Biruk-Ur-
ban et al. [28] investigated the effects of cutting speed and
feed rate on drilling four different types of GFRP compos-
ites, each with varying fiber weight fractions and fiber type
(Twill and Plain). They emphasized that Fz, a cutting force
component, is significantly affected by the feed rate, and that
Fz increases with increasing feed rate. They recommended
the use of Twill-type fibers. Abd-Elwahed [4] investigated
torque and delamination by machining woven glass fiber-re-
inforced epoxy composites at different laminate thicknesses,
feed rates, and cutting speeds. The results were modeled and
evaluated using the response surface methodology (RSM)
and artificial neural networks (ANN). By enhancing ANN
training with particle swarm optimization (PSO), the pre-
diction performance of the models was improved. The study
highlighted that low feed rates and high cutting speeds lead
to optimal values for torque and delamination.

Generally, low cutting speeds and feeds/feed rates are
recommended to minimize delamination. Although previ-
ous research has addressed various drilling problems with
GFRP composites, a comprehensive understanding of drill-
ing behavior and damage mechanisms has not yet been ful-
ly established in the industry.
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Figure 1. Experimental system.

In this study, the effects of cutting speed and feed on
delamination and cutting forces (thrust force) were investi-
gated during drilling 10 mm diameter holes using an SDC
drill bit in the drilling process of GFRP composite materi-
als. Drilling experiments were conducted at five different
feeds and three different cutting speeds. As output respons-
es, delamination, hole taper, and thrust force were evaluat-
ed. Analysis of variance was performed, and mathematical
models were developed using the response surface method.
By examining the effects of input parameters on output val-
ues, optimum cutting parameters for improved hole quality
in GFRP drilling were determined using RSM combined
with the desirability function approach. Comparsion with
experimental results confirmed the strong predictive capa-
bility of the developed models.

MATERIALS AND METHODS

In this study, drilling operations using a special SDC se-
ries drill bit were performed on glass fiber-reinforced poly-
mer (GFRP) composite materials that were commercially
manufactured using the vacuum infusion method. The
GFRP composites were produced by GENBA using a 16-
ply vacuum infusion method using 0/90° plain woven fab-
rics. The manufactured composites were cut into specimens
with dimensions of 8.6 x 35 x 200 mm using a water-jet
cutting to prepare them for experimentation. Drilling ex-
periments operations were conducted on a LER VQ-75
CNC vertical machining center with a spindle motor power
of 20 kW and a spindle speed range of 50-11000 rpm (Fig.
1). An MDS10000SDC3-coded drill bit with a diameter of
010 mm (Fig. 2) was used in the experiments, which were
conducted under air cooling conditions. The study was
conducted using a Multilevel Factorial experimental design
with three different cutting speeds and five different feeds as
cutting parameters, and a total of 15 experiments were con-
ducted (Table 1). The flowchart of the experimental study is
presented in Figure 3.

To ensure accurate measurement of the thrust force
during drilling, a protective fixture was designed to isolate
the load cell from external factors (Fig. 4). The thrust forces

Figure 2. SDC drill bit.

Table 1. Cutting parameters and levels

Parameters Levels

Cutting Speed - V_ (m/min) 80 - 100 - 120

Feed - f (mm/rev) 0.05 - 0.0625 - 0.075 -
0.0875-0.1

generated during the drilling process (Fig. 5), performed at
different levels and parameters, were measured using an MS
Cell SS300 series load cell with a capacity of 500 kg. Delami-
nation occurring on the upper surface of the specimens after
drilling was examined using a Dino-Lite Pro AM4000 series
digital microscope equipped with a 1.3-megapixel camera.

As a result of the experiments, variance analysis was
applied to investigate the effects of input parameters on
delamination, hole taper (conicity), and thrust force. The
aim was to determine the cutting speed and feed values that
minimize delamination, hole taper, and thrust force. Due
to the limited number of experimental data points, optimi-
zation was performed using the RSM combined with the
Desirability Function approach, which is suitable for small
datasets [29].

RESULTS AND DISCUSSION

Drilling GFRP composites, widely used in industry, is
difficult due to delamination. Regions affected by delami-
nation a reduction in material strength [1], which can lead
to assembly errors, non-compliance with tolerance require-
ments, and ultimately the rejection of manufactured parts
or failure to meet the design specifications. These prob-
lems were controlled by optimizing cutting parameters to
achieve minimum delamination and thrust force.

The results of the thrust force, delamination factor,
and hole taper, resulting from feed and cutting speeds, are
shown in Figure 6. It was observed that decreasing the feed
resulted in a reduction in thrust force, delamination factor,
and hole taper. The delamination factor and hole taper also
decreased with decreasing cutting speed. While the thrust
force was low at the upper and lower cutting speed values,
the thrust force was high at the middle cutting speed values.
Variance analysis was preferred to examine the relationship
between the input parameters and the output responses.

Analysis of Variance (ANOVA) is a statistical analysis
technique used to determine the significance of indepen-
dent variables, called input parameters, on the output re-
sponses obtained because of the input parameters. ANOVA
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Figure 3. Flowchart.

Figure 4. Load cell protective fixture.

determines the effect ratios of input parameters on output
responses. It also determines whether there is a significant
relationship between input parameters and output re-
sponses [30]. Variance analysis at a 95% confidence level
for thrust force, delamination factor, and hole taper is pre-
sented in Table 2. The table includes the percentage con-
tributions and p-values for individual parameters and their
interactions. P-values lower than 0.05 indicate that the cor-
responding parameter has a statistically significant effect on
the output response.

Examination of the ANOVA results indicated that both
cutting speed and feed have a significant effect on thrust
force, delamination, and hole taper. Feed was the most ef-
fective parameter on thrust force, whereas cutting speed
had a greater effect on delamination and hole taper. Mahesh
etal. [31] also reported in their study that cutting speed was
the most effective parameter on delamination and that cut-
ting speed had a greater impact on taper than feed.

Figure 5. Test sample.

The response surface method is an empirical model-
ing approach used to determine the relationship between
different input parameters and output responses [30, 32].
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Table 2. ANOVA results for thrust force, delamination factor, and hole taper

Output Fz Df C

Source Contribution  P-Value  Contribution  P-Value Contribution  P-Value
Model 98.77% 0.000 94.89% 0.000 91.87% 0.000
Linear 70.23% 0.000 50.13% 0.000 39.88% 0.000
V_(m/min) 5.42% 0.000 33.61% 0.000 28.66% 0.000
f (mm/rev) 64.81% 0.000 16.52% 0.000 11.22% 0.006
Square 23.38% 0.000 13.33% 0.003 25.81% 0.002
V_(m/min)*V_(m/min) 22.96% 0.000 13.30% 0.001 25.72% 0.000
f (mm/rev)*f (mm/rev) 0.43% 0.110 0.04% 0.807 0.09% 0.754
2-Way Interaction 5.16% 0.000 31.42% 0.000 26.18% 0.000
V_(m/min)*f (mm/rev) 5.16% 0.000 31.42% 0.000 26.18% 0.000
Error 1.23% 5.11% 8.13%

Total 100.00% 100.00% 100.00%

(a) (b) (©)
Figure 6. Flowchart.
In order to determine the effects of feed and cutting speed ~ Table 3. Explanatory power of models
fac.tors, second-order mathematical models were developed O (e R Radj R pred
using the response.surface methodology for the outputs of (%) (%) (%)
thrust force, delamination, and hole taper. Based on the ex-
perimental data, Equation 1, Equation 2, and Equation 3 Thrust Force - Fz (N) 98.95  98.37 96.52
represent the relationship function between the input pa- ~ Delamination factor - Df 95.75 9339  87.96
rameters and the measured outputs. Where ¢ represents  Hole taper (conicity) - C 939  90.52 74.97

unexplained experimental errors.
Output function for the thrust force:

Fz=f(Vc,f)+e (1)
Output function for the delamination factor:
Df=f(Vef)+e @)
Output function for the hole taper:

C=f(Ve,f)+e (3)

The second-order equations based on the Response
Surface Method are given in Equation 4, Equation 5, and
Equation 6.

Fz=+B,. VAP, f+B . V.V+B Lf+B.LV. 4)
Df=B 4B, VAP f+B,.V.VAB ff+BLV, (5)
C= 4B VB, f+B, V.V+B ff+B.fV. (6)

The regression equations with a confidence interval of
95% have a confidence level of 98.77%, 94.89%, and 91.87%,
respectively. The regression equations generated using the
Response Surface Method are given in Equation 7, Equa-

tion 8, and Equation 9.
Fz=-1787+35.01*V +10241 *f-0. 1609*\762—15829*]‘2—
49.83 V. (7)
Df=0.6979+0.004646*Vc+1.8667—0.000016*\762—0.59"]‘2—
0.01589**V. (8)
C=0.5567+0.00714*V +2.171*f-0.000027*V ?-1.19*f*-
0.018*f*V. 9)
When the relationships between the input parameters
(independent variable) and the output values (dependent
variable) were examined, the coeflicient of determination
(R?) for the explanatory power of the models was found to
be 98.95% for thrust force, 95.75% for delamination factor,
and 93.9% for hole taper. The predictive capability of the
models was determined as 96.52% for thrust force, 87.96%
for delamination factor, and 74.97% for hole taper (Table 3).
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Table 4. The objective/target and importance levels of optimization

Output / response Objective Target value Upper limit value Degree of importance
Fz Minimize 262.908 478.728 2

Df Minimize 1 1.026 5

C Minimize 1 1.027 4

Table 5. Combined desirability optimization outputs

Combined desirability V¢ (m/min) f (mm/rev) Fz (N) Df C

1 80 0.05 257.504 0.997=1 0.987=1

A statistically significant relationship was observed between
the input parameters and the output responses.

The high-reliability mathematical models developed
in this study enable the prediction of thrust force and the
resulting deformation during drilling within the defined
drill bit and parameter ranges, without conducting ex-
periments.

Increasing the feed rate from 0.05 mm/rev to 0.1 mm/
rev led to a substantial rise in thrust force from 262 N to
478 N. This trend agrees well with results commonly re-
ported in the literature; however, the absolute force levels
are higher than those in some studies due to differences
in specimen thickness and drill diameter. For example,
Vankanti and Ganta reported a maximum thrust force
of approximately 78 N when drilling 4 mm thick GFRP
laminates using a 10 mm HSS drill [33], whereas the
minimum thrust force measured in the present study was
262 N, primarily due to the more than twofold increase
in laminate thickness (8.6 mm). Similarly, Abrao et al. [5]
reported thrust force values of around 140 N for 2.5 mm
thick GFRP laminates drilled with 5 mm diameter tools.
In contrast, Latha et al. [34] observed thrust forces of up
to 270 N using different drill geometries, which closely
match the lower thrust force levels obtained in this study.

The delamination factor values obtained in the pres-
ent study range from 0.999 to 1.026, indicating markedly
superior hole quality compared to previously reported re-
sults. For instance, Rubio et al. [35] reported delamination
factors between 1.151 and 2.143, while Kilickap [17] and
Babu et al. [36] documented minimum values of 1.11 and
1.06, respectively. Importantly, even the maximum delam-
ination factor in this study (1.026) remains below these re-
ported minimum values, demonstrating the effectiveness of
the SDC-type drill geometry in suppressing delamination.
These results are comparable to the low delamination fac-
tor of 1.006 reported by Mohan et al. [37] under optimized
conditions and indicate a stable drilling performance under
the selected parameter ranges.

The Desirability Function approach is a multi-objec-
tive optimization technique commonly used for industrial
problems with limited data sets. The purpose of multiple
response optimization is to determine the conditions that
yield the optimal values of the output (response) variables
with respect to the indipendent variables. In this method,
individual desirability functions are defined for each re-

sponse. Three different performance outputs were evaluat-
ed within the scope of the study: thrust force, delamination
factor, and hole taper. Because minimizing output values is
crucial, optimization was performed using the " smaller is
better" approach for all criteria.

The desirability value (di) for each output value was
normalized between 0 and 1. The desirability value can
assume values of 0, between 0 and 1, or 1. If the response
value is less than the minimum value, the desirability value
is di=1. If the response value is greater than the maximum
value, the desirability value is di=0. If the response value is
between the minimum and maximum values, the desirabil-
ity value is between 0 and 1. The overall or combined desir-
ability (D) evaluates how input parameters optimize a set of
responses. Combined desirability is the weighted geometric
mean of the individual desirability for the results, that is,
the responses (Equation 10).

(10)

Here, n represents the number of response values, w
represents the sum of the individual weights, where the
sum of the weights equals one. The weight determines how
the desirability is distributed between the lower or upper
limits and the target value.

In this study, the three output variables were evaluated
simultaneously, and a single optimization model based on
the combined desirability function was employed to de-
termine the optimal levels of the input parameters. The
targets and objectives were selected separately for each
output to accurately determine the effects on the com-
bined desirability. The objective was to minimize the out-
put parameter value. The target values were selected as
the minimum of the output values. The weight value can
vary between 0.1 and 10 to determine the importance of
reaching the target value [38, 39]. During the optimiza-
tion, the importance levels of the delamination factor and
hole taper were set higher than the importance levels of
the thrust force. The importance of the parameters was
kept high because delamination causes a decrease in the
strength of the material, and hole taper causes inconsis-
tency in tolerance values. The objective during optimiza-
tion was to minimize all output values, and the target was
to have no delamination and taper, i.e., that the delamina-
tion and taper outputs be equal to one (Table 4).
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Figure 7. Influence plots for optimization of GFRP com-
posite drilling using desirability function.

As a result of the optimization carried out using the
defined objectives, targets, and importance weights, the
combined desirability value was obtained as 1. A combined
desirability value equal to or close to 1 indicates that all
optimization criteria were achieved at the target values or
at levels better than the targets [30, 40]. This demonstrates
that the selected parameter combination represents an
optimal point for multi-response optimization. It was ob-
served that minimum cutting speed and feed values provide
minimum thrust force, delamination factor, and hole taper.
Gemi et al. [7] Abdul Nasir et al. [22] and also reported
that the thrust force was lower with decreasing feed, while
Kilickap et al. [17] emphasized that lower delamination oc-
curred with low feed and cutting speed, and Shyha et al.
[41] emphasized that decreasing feed decreased damage at
the entry and exit. The optimum result was obtained at a
cutting speed of 80 m/min and a feed value of 0.05 mm/
rev. The thrust force was 257.504 N, and the delamination
factor and hole taper values were =1 (Table 5).

Figure 7 shows the effects of the drilling parameters
on individual output values and a set of output values
(combined desirability) in the drilling process of a glass
fiber-reinforced polymer composite using a desirability
function. A linear relationship is observed between feed

and the output values, indicating that an increase in feed
results in higher values of thrust force, delamination factor,
and hole taper. An increase in cutting speed led to a linear
increase in hole taper and delamination factor, whereas
the thrust force observed a parabolic trend. In the studies
by Abd-Elwahed [4] and Birik-Urban et al. [16] a linear
increase in thrust force was observed with increasing feed
rate, while cutting speed showed lower thrust force values
at all levels except at the mid-range level. Similarly, Isik et
al. [15] reported a linear relationship between feed rate
and cutting force, with lower cutting force observed at the
non-linear mid-range level cutting speed. The relatively
low influence of cutting speed on thrust force may be at-
tributed to differences in drill geometry and the selected
parameter levels, which can result in a non-linear effect.
Within the range of the determined parameter levels, it is
observed that if the cutting speed is too high or too low, a
lower thrust force will be produced. The optimum thrust
force occurred at the lowest cutting speed. The three-di-
mensional graphs of the experimental results clearly
match the effect graphs for optimization (Fig. 6, 7).

Gemi et al. [7] and Xu et al. [10] highlighted the im-
portance of drill type in their studies. The drill bits affect
delamination at both the entry and exit of the hole. The
SDC-type cutting inserts used in this study contribute to
the reduction of delamination by reducing the thrust force
due to their three-point angles. In addition, the short cut-
ting-edge length, suitable helix angle, and optimized flute
geometry of the SDC-type drills limited heat generation,
resulting in longer tool life and a stable drilling process
[42]. No fiber pull-out or splintering issues were observed
during drilling.

Although the present study provides meaningful in-
sights into the optimization of drilling parameters for
GFRP composites using RSM and desirability function
analysis, certain limitations should be acknowledged. The
experimental investigation was restricted to a special drill
geometry and a specific GFRP laminate configuration. As
a result, the potential effects of different drill point angles,
tool coatings, and laminate stacking sequences on thrust
force, delamination behavior, and hole quality were not
investigated. Therefore, the generalization of the obtained
results to other tool designs or composite configurations
should be approached with caution. Future studies may
extend the current framework by conducting compara-
tive drilling experiments using various drill geometries,
such as brad-point, step, or coated drills, as well as GFRP
laminates with different fiber orientations and stacking
sequences. Moreover, a comparative assessment of holes
produced with the same nominal diameter using alterna-
tive machining techniques, including abrasive water jet
cutting, could provide valuable insights into the differ-
ences in damage mechanisms, delamination characteris-
tics, and overall hole quality. Such comprehensive inves-
tigations would contribute to a deeper understanding of
machining-induced damage in composite materials and
enhance the broader applicability of the findings reported
in this study.
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CONCLUSIONS

In this study, the drilling of glass fiber-reinforced poly-
mer composite materials using air-cooled special drill bits
at different cutting speeds and feed parameters was exper-
imentally investigated. The thrust force generated during
the drilling process and the resulting hole deformation
damage were examined, and the optimum cutting param-
eters were determined.

The cutting parameters have a significant effect on
thrust force, delamination factor, and hole taper. While the
effect of cutting speed on the thrust force is relatively low,
the effect of feed is considerably high. The thrust force in-
creases with increasing feed. At a cutting speed of 80 m/
min, a 50% increase in feed led to a 35.8% increase in thrust
force. At 100 m/min, the same feed increase resulted in a
20.1% rise, and at 120 m/min, a 29.1% increase in thrust
force was observed. Conversely, at a feed of 0.05 mm/rev,
increasing cutting speed from 80 to 120 m/min (a 25% in-
crease) resulted in a 26.1% rise in thrust force. For feeds
of 0.0675, 0.075, 0.0875, and 0.1 mm/rev, the correspond-
ing increases were 19.6%, 11.5%, 7%, and 7%, respective-
ly. Increasing cutting speed from 80 to 120 m/min (50%
increase) did not significantly affect thrust force at lower
feeds, while at higher feeds, a reduction of approximately
18% was observed. Within the specified parameter range,
thrust force was observed to be low at both the lowest and
highest cutting speed values. However, the minimum thrust
force was obtained at the lowest cutting speed values.

Cutting speed has a greater effect on the delamination
factor than feed. Analysis results indicate that the effects of
cutting speed and the interaction of cutting speed and feed
on the delamination factor are quite high and similar. This
also demonstrates the interrelationship of cutting parame-
ters. Minimum delamination was achieved at low cutting
speed and feeds.

The effect of cutting parameters on hole taper is similar
to that observed for the delamination factor. Cutting speed
has a greater effect than feed, and the effects of cutting speed
and the interaction of cutting speed and feed on the delam-
ination factor are quite high and similar. Minimum hole ta-
per difference was obtained at low cutting speed and feeds.

The developed models at a 95% confidence interval ex-
hibited reliability levels of 98.95% for thrust force, 95.75%
for delamination factor, and 93.9% for hole taper, indicating
strong statistical significance. The models are found to be
highly significant. The predictive capability of the models
was 96.52% for thrust force, 87.96% for delamination fac-
tor, and 74.97% for hole taper. These results confirm the
high predictive performance of the developed models for
the selected parameter ranges.

Optimization using the defined objectives, targets, and
importance weights resulted in a combined desirability val-
ue of 1. A combined desirability value equal to or close to
1 indicates that all optimization criteria were achieved at
or better than the specified target values. As a result of the
optimization using the desirability function, the optimum
result was achieved at the lowest cutting speed of 80 m/min
and the lowest feed of 0.05 mm/rev within the level ranges.
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INTRODUCTION

ABSTRACT

Technological developments in manufacturing have significantly improved living standards in
recent years. These advancements are largely driven by progress in material science and the
development of manufacturing techniques that enable cost-effective mass production. Additive
manufacturing (AM) is a production method that creates objects by adding material layer by
layer based on three-dimensional model data. In this process, a physical product is generated
directly from a 3D Computer-Aided Design (CAD) model. The main objective of additive man-
ufacturing technologies is to produce components with minimal cost, high quality, and optimal
efficiency. In this study, the effects of process parameters on the strength, filament consump-
tion, and printing time of PLA (Polylactic Acid) parts produced by Fused Deposition Modelling
(FDM) were investigated. The produced parts were ‘Clip Control Fixtures (CCF)’ used to check
the presence of clips on wire harness bundles manufactured at YAZAKI. Wall line count (WLC),
infill density (ID), and print speed (PS) were selected as process parameters. Experiments were
conducted using the Taguchi L9 experimental design with three levels for each factor. Accord-
ing to the analysis performed under the “larger is better” assumption, WLC had the greatest
effect on strength 56.21%, followed by ID 33.49%. The optimal parameter combination for max-
imum strength was determined as WLC 6, ID 90, and PS 40. For filament consumption “smaller
is better”, ID showed the highest influence 95.68%. For printing time, PS 71.53% and ID 27.71%
were the most influential factors, and the optimal combination was WLC 2, ID 20, PS 120.

Cite this article as: Mustafa, S., Murat, D., Uguz, A., & Cakir, M. C. (2026). Fused deposition
modeling (FDM) process parameter optimization for PLA component manufacturing. ] Adv
Manuf Eng, 7(1), 21-30.

FDM-printed parts are strongly influenced by process pa-
rameters. Therefore, finding relationships and optimization

Fused deposition modelling (FDM) is one of the most
widely used additive manufacturing (AM) techniques be-
cause of its accessibility, relatively low cost, and compatibil-
ity with various thermoplastic materials such as polylactic
acid (PLA). Despite its advantages, the mechanical per-
formance, material consumption, and production time of
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of these parameters is essential to achieve components with
adequate strength, reduced material usage, and efficient
production.

In industrial applications, particularly in the automo-
tive sector, fixtures produced by AM method can play an
important role in inspection and assembly processes. In
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this context, this study focuses on the finding of optimiza-
tion proportion criteria of process parameters to produce
PLA-based CCF used to verify the presence of clips on wire
harness bundles manufactured at YAZAKI. WLC, ID, and
PS were selected as key process parameters and investigated
using the Taguchi L9 experimental design.

Numerous studies in the literature on FDM methodol-
ogy indicate that process parameters have significant indi-
vidual effects on production time, filament consumption,
and the mechanical strength of printed parts. In particular,
the selection of G-code parameters is considered a critical
factor in the manufacturing process. Several studies have
investigated the influence of G-code parameters on PLA,
a sustainable thermoplastic polyester widely used in FDM
technology due to its biodegradability, ease of printing, and
relatively good mechanical properties. These parameters,
however, may also vary depending on the specific filament
type used in the printing process. A review of the litera-
ture shows that the generated G-code is strongly influenced
by parameters such as wall line count, infill density, layer
height, and print speed [1]. These parameters have been
identified as some of the most influential factors in deter-
mining the final performance, material usage, and produc-
tion efficiency of FDM-printed components.

In a study conducted by Mazlan and Anas, the effects of
infill density, wall perimeter, and layer height on the manu-
facturing performance of 3D printed parts were investigat-
ed [1]. The study revealed that the quality and mechanical
performance of 3D printed components are influenced not
only by the material used but also by specific printing pa-
rameters. Both computational analysis and experimental
results demonstrated that increasing the values of the three
parameters wall perimeter, infill density, and layer height
can lead to an improvement in the tensile flexibility of the
printed component. It was also concluded that reducing the
infill density decreases the cross-sectional area of the struc-
ture, which may result in a smaller load-bearing surface
area required to maintain structural integrity. Furthermore,
increasing the layer height was found to reduce the total
printing time; however, this improvement in production
efficiency may lead to a rougher and less uniform surface
texture in the printed part. These findings highlight the im-
portance of optimizing key printing parameters to balance
mechanical performance, production efficiency, and sur-
face quality in FDM-based AM processes.

Furthermore, various other factors can also influence
the mechanical properties of FDM-printed components.
Lee and Yin conducted a study to investigate the effect of
compressed air cooling in a PLA-based FDM 3D print-
ing process [2]. The authors proposed the development
of a novel autonomous compressed air-cooling system
integrated with the print head. In this system, the airflow
direction is controlled through an adjustable fan speed
mechanism to directly cool the extruded material during
the printing process. This approach also provides im-
proved environmental stability within the printing cham-
ber by facilitating air circulation. The experiments were
conducted under constant printing conditions, including

100% infill density, a build platform temperature of 45°C,
a nozzle temperature of 210°C, and a printing speed of 30
mm/s. According to the findings of the study, an inverse
relationship was observed between the cooling air flow
rate and both the dimensional accuracy and mechanical
strength of the printed parts. Increasing the airflow rate
improved the dimensional quality of the printed compo-
nents; however, it resulted in a reduction in their mechani-
cal strength. These results indicate that cooling conditions
play a significant role in determining the final mechanical
and dimensional performance of FDM-produced parts.
Another related study conducted by Yu carries out in-
vestigation and examining the effects of layer height, infill
density, and print speed on the tensile and compressive
properties of PLA materials [3]. In this research, an or-
thogonal experimental design was employed to effectively
minimize the number of required tests while maintaining
reliable analytical results. The parameters included variable
layer heights (0.15 mm, 0.20 mm, 0.25 mm, and 0.30 mm),
infill densities (40%, 60%, 80%, and 100%), and print speeds
(30 mm/s, 40 mm/s, 50 mm/s, and 60 mm/s). A total of 16
experiments were conducted using different combinations
of these manufacturing parameters. The results of the study
indicated that layer height had the most significant influence
on the tensile strength of the printed components. However,
the G-code parameter settings in this approach were not ad-
equate for the effect of other parameters for output variables.
Unlike the previously mentioned studies, Kartal inves-
tigated the effects of surface roughness on PLA material by
considering parameters such as bed temperature, nozzle
temperature, and layer height using the Taguchi optimiza-
tion approach [4]. In this study, a Taguchi L9 experimental
design was employed, where cubic specimens were printed
and their surface roughness values were subsequently mea-
sured. During the analysis, the “smaller is better” criterion
was adopted, and the average surface roughness value was
selected as the response parameter. According to the find-
ings of the study, nozzle temperature was identified as the
most influential parameter with an effect ratio of 86.85%,
followed by layer height with 7.1% and bed temperature
with 5.9%. Based on the experimental results, the author
concluded that the optimal parameter combination for im-
proving dimensional accuracy and reducing surface rough-
ness consisted of a bed temperature of 50°C, a nozzle tem-
perature of 230°C, and a layer height of 200 um. However,
it was also emphasized that these parameter settings may
not be universally applicable to other 3D printers due to
temperature fluctuations within the printer chamber, which
can influence the thermal stability of the printing process.
In addition to the analysis above, AM technology enables
the production of complex prototype components by ad-
justing various process parameters such as PS, temperature,
infill pattern and other printing conditions. Also, the effec-
tiveness of standard G-code parameters, FDM technology
also provides the option to select different infill patterns,
which can significantly influence the mechanical behavior
of printed parts. In this context, Tran conducted a study
to investigate how the selection of infill patterns and layer
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thickness affects the mechanical strength of PLA materials
in 3D printing processes [5]. In this research, nine exper-
imental configurations were evaluated using the Taguchi
L9 experimental design. The study considered three dif-
ferent infill patterns zigzag, triangular, and grid as well as
three-layer thickness values (0.20 mm, 0.10 mm, and 0.15
mm) as the primary process variables. In total, 27 ten-
sile test specimens were produced in accordance with the
ASTM D638 Type IV standard, with three replicates for
each experimental condition. The results indicated that
the triangular infill pattern provided the highest mechan-
ical strength among the tested configurations, while the
zigzag infill pattern resulted in the lowest mechanical per-
formance. These findings demonstrate that the selection of
infill pattern and layer thickness plays an important role in
determining the mechanical properties of PLA components
manufactured using FDM technology.

The performance and efficiency of components pro-
duced by 3D printing technologies are strongly influenced
by process related factors such as mechanical strength,
printing time, and filament consumption. These parame-
ters are critical not only for ensuring structural integrity but
also for achieving cost-effective and time-efficient manu-
facturing. Despite extensive research on FDM-printed PLA
parts, existing studies predominantly focus on standardized
test specimens and often evaluate performance metrics in-
dividually, rather than considering functional components.

However, industrial applications such as CCF require
simultaneous consideration of both mechanical perfor-
mance and production efliciency. In particular, the com-
bined effects of WLC, ID, and PS, especially the role of
WLC in load-bearing behavior have not been sufficiently
investigated for such applications. Furthermore, achieving
a balance between tensile strength, production time, and
material consumption remains a key challenge in func-
tional component design.

To address this gap, the present study focuses on the
optimization of WLC, ID, and PS parameters for CCF ap-
plications using the Taguchi method. Unlike convention-
al approaches, this work evaluates multiple performance
outputs, including mechanical strength, production time,
and filament consumption, within a unified framework
to identify the most efficient parameter combination. By
targeting functional CCF components rather than rely-
ing solely on standardized specimens, this study provides
a practical and application-oriented contribution to the
field. The results offer actionable insights into in-house
production and support the development of optimized
AM strategies for industrial fixture design.

The main contribution of this study lies in revealing the
critical influence of WLC on the mechanical performance
of functional CCF components, while simultaneously con-
sidering production related outputs within a unified evalu-
ation approach.

FDM 3D Printing Process Workflow
The steps involved in the 3D printing process can be de-
fined sequentially as follows. First, the three-dimensional

model of the object to be produced is designed and digital-
ly generated using CAD software or obtained through 3D
scanning. The created or scanned model is then convert-
ed into a file format suitable for slicing software and saved
accordingly. In the next stage, the G-code parameters re-
quired for the manufacturing process such as material type,
layer thickness, ID, and printing temperature are deter-
mined. The model is subsequently processed in the slicing
software, where it is divided into layers and the correspond-
ing G-code instructions are generated.

The generated G-code is then transferred to the 3D
printer. After the printer is prepared for operation, the
printing process is initiated, and the physical object is pro-
duced layer by layer. Finally, the printed object is removed
from the printer, support structures are cleaned if present,
and necessary post-processing operations are applied to ob-
tain the final product.

G-Code Structure and Its Importance in AM

G-code is a programming language consisting of G and
M commands that define machine movements and opera-
tions in AM systems. It is automatically generated by slic-
ing software during the conversion of digital models into
printable formats and serves as the instruction set guiding
the 3D printing process. Acting as a bridge between digital
design and physical production, G-code controls key pa-
rameters such as toolpath, movement speed, and material
extrusion. Furthermore, a fundamental understanding of
G-code enables enhanced process control, allowing users
to optimize printing performance and effectively trouble-
shoot potential issues.

The Effects of G-Code Parameters

Wall line count

WLC, also referred to as the number of perimeters or
outer walls, is an important parameter in FDM 3D print-
ing that directly affects the structural strength and dura-
bility of printed components. This parameter determines
how many solid contour lines are printed around the out-
er boundary of each layer. Increasing the WLC results in
thicker outer shells, which can significantly improve the
mechanical strength, stiffness, and overall structural in-
tegrity of the printed part. In many cases, higher WLC
contributes more to the mechanical performance of a
component than ID, since the outer walls typically bear a
greater portion of the applied loads. However, increasing
the number of wall lines also leads to higher material con-
sumption and longer printing times. Therefore, selecting
an appropriate WLC is essential to balance mechanical
performance, material efficiency, and production time in
FDM manufacturing processes.

Print speed

Studies examining the effect of PS on FDM-printed PLA
samples have shown that increasing the PS can negative-
ly affect several mechanical and physical properties of the
printed components. It has been reported that an increase
in PS leads to a reduction in mass, top surface hardness, and
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tensile strength, while simultaneously increasing the poros-
ity of the printed structure. In addition, the effective Young’s
modulus of PLA material decreases after printing, and this
reduction becomes more pronounced as the printing speed
increases [6]. These findings indicate that PS plays a critical
role in determining the mechanical performance and struc-
tural integrity of FDM-produced parts.

Cooling fan

The dimensional quality and mechanical properties of
FDM-printed parts are also influenced by the cooling fan
used during the printing process. Research has shown that
there is an inverse relationship between the cooling air
flow rate and both the dimensional accuracy and mechan-
ical strength of the printed components. A higher cooling
airflow rate improves dimensional quality by stabilizing
the printed layers; however, it may reduce the mechanical
strength of the printed parts [6]. Therefore, optimizing the
cooling conditions is essential to achieve a balance between
dimensional accuracy and mechanical performance.

Infill density

ID has a significant influence on the tensile strength of
3D printed PLA specimens. Independence of the selected
infill pattern, an increase in ID has been shown to consid-
erably improve the tensile strength of PLA parts produced
using FDM technology. Higher infill densities increase the
internal material volume of the structure, resulting in im-
proved load-bearing capacity and enhanced mechanical
performance of the printed components.

Infill pattern

In addition to ID, FDM G-code parameters also in-
clude the option to select different infill patterns. Various
infill pattern types exist, and their selection can signifi-
cantly influence the mechanical properties of printed
components. In the study titled “Investigation of the Ef-
fect of Infill Pattern and Layer Thickness on the Mechani-
cal Strength of PLA Material in 3D Printing Technology,’
several commonly used infill patterns were analyzed [7].
Among the evaluated patterns, the triangular infill pat-
tern provided the highest mechanical strength, whereas
the zigzag pattern exhibited the lowest mechanical per-
formance. The grid infill pattern forms a lattice structure
consisting of intersecting perpendicular lines that create
a mesh-like pattern within the printing area. This pattern
provides moderate strength while using a relatively small
amount of material. Due to this balance between materi-
al usage and structural strength, the grid pattern is com-
monly preferred for functional prototypes and objects
subjected to light mechanical loads, and it is also suitable
for faster 3D printing applications.

Within the scope of this study, certain G-code-relat-
ed printing parameters were intentionally kept constant
to establish a controlled experimental environment and to
ensure a reliable evaluation of the selected variables. These
fixed parameters include layer height, nozzle diameter, in-
fill pattern, and cooling conditions as detailed in the fol-
lowing section.

MATERIALS AND METHODS

Experimental Procedure

PLA filament supplied by KIMYA was used in all ex-
periments. Considering the hygroscopic nature of PLA,
the material was stored under controlled conditions prior
to printing in order to minimize moisture absorption and
ensure process stability. All specimens were manufactured
using a closed-chamber FDM system BCN3D Epsilon W27
under controlled environmental conditions of approxi-
mately 24°C ambient temperature and 40% relative hu-
midity. These conditions were maintained throughout the
experiments to reduce moisture-related variability and im-
prove reproducibility.

In addition, to establish a controlled experimental
framework, several process parameters were kept con-
stant. The build plate temperature was maintained at 50
°C and the printing temperature was fixed at 200 °C for all
experimental runs to ensure consistency. A triangular in-
fill pattern, which has been reported to provide high me-
chanical strength, was used in all prints. The layer height
was set to 0.2 mm, and a 0.4 mm brass nozzle was em-
ployed throughout the experiments. The cooling fan speed
was fixed at 80% to achieve a balance between sufficient
material solidification and stable interlayer bonding. Ex-
cessive cooling may weaken interlayer adhesion, whereas
insufficient cooling can lead to dimensional inaccuracies;
therefore, an intermediate value was selected to ensure
consistent printing conditions.

Furthermore, the build orientation was carefully select-
ed to minimize the need for support structures while ensur-
ing that the clip mounting surface remained on the upper
side. This configuration was preferred to reduce surface-in-
duced dimensional deviations and maintain assembly tol-
erances during clip installation. By controlling these pa-
rameters, the influence of external factors was minimized,
allowing a focused evaluation of the primary process vari-
ables, namely WLC, ID, and PS.

The experimental procedure developed within the
scope of this study consists of six main stages, designed to
systematically determine the optimal process parameters
affecting the mechanical properties, filament consumption,
and production time of PLA specimens produced via the
FDM process.

I. A comprehensive literature review was conducted to
identify the key process parameters affecting FDM
printing performance. Based on this review, the input
parameters and their corresponding levels were deter-
mined.

II. A tensile test specimen was designed in SolidWorks
according to the ASTM D638 Type I standard. The
designed model was then converted into STL format,
which is required for the slicing process.

III. Based on the parameter combinations determined us-
ing the Taguchi experimental design method, G-code
files were generated using the Stratos slicing software.

IV. The generated G-code files were printed using a BCN3D
Epsilon W27 3D printer. During the printing process,
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output parameters such as filament consumption (m)

and printing time (minutes) were recorded.

V. A total of 27 specimens, consisting of three repetitions
for each experimental condition, were subjected to ten-
sile testing using a UVE (MNRO050) Universal Testing
Machine at a crosshead speed of 5mm/min.

V1. The experimental results obtained were analyzed using
the Taguchi method, and ANOVA was performed to
evaluate the significance of the process parameters.
Accordingly, the input process parameters considered

in this study WLC, ID, and PS which are summarized in

Table 1. In line with the Taguchi experimental design,

each parameter was evaluated at three different levels

WLC (2, 4, and 6), ID (20%, 50%, and 90%), and PS (40,

80, 120 mm/s) to determine the optimal combination for

improved performance.

There is various testing methods used to evaluate the
properties of different types of plastics. Among these,
ASTM D638 is one of the most widely used standards
for determining the tensile properties of plastic materi-
als. This test is performed by applying a tensile force to
a specimen and analyzing various characteristics of the
material under stress. The ASTM D638 standard con-
sists of five different specimen specifications. Within the
scope of this study, the ASTM D638 Type I tensile test
specimen which is shown in Figure 1 was selected be-
cause it allows for a more effective analysis of the influ-
ence of ID, which was chosen as one of the input param-
eters in the experimental design.

A tensile test is a fundamental materials science test in
which a specimen is subjected to uniaxial tensile forces un-
til fracture occurs. The results obtained from this test are
commonly used for material selection in engineering appli-
cations, quality control, and predicting how materials will
behave under different loading conditions. Tensile strength
is defined as the maximum tensile stress that a material can
withstand before failure or fracture. This stress corresponds
to the highest stress value observed in the stress-strain di-

agram and is calculated using the following Equation (1):
Fmax

Ao

where Frepresents the maximum applied force and
A, denotes the initial cross-sectional area of the specimen.

According to the Taguchi L9 experimental design,
tensile tests were conducted on a total of 27 specimens,
grouped into sets of three for each parameter combina-
tion. The tests were performed using a UVE MNRO050
universal testing machine with a capacity of 50 kN, at a
constant crosshead speed of 5 mm/min. The experimental
setup and testing configuration are illustrated in Figure 2,
while the fractured specimens obtained after testing are
presented in Figure 3.

0=

Experimental Results

The experimental results, including mechanical
strength, filament consumption, and production time,
were systematically recorded and prepared for further
analysis.

Table 1. Process input factors algorithms

Input parameters
Items Specimen Wall Infill Print
quantity line density speed
count (%) (mm/s)

Al 3 2 20% 40
A2 2 20% 40
A3 2 20% 40
Bl 3 2 50% 80
B2 2 50% 80
B3 2 50% 80
Cl1 3 2 90% 120
C2 2 90% 120
C3 2 90% 120
D1 3 4 20% 80
D2 4 20% 80
D3 4 20% 80
El 3 4 50% 120
E2 4 50% 120
E3 4 50% 120
F1 3 4 90% 40
F2 4 90% 40
F3 4 90% 40
Gl 3 6 20% 120
G2 6 20% 120
G3 6 20% 120
H1 3 6 50% 40
H2 6 50% 40
H3 6 50% 40
I1 3 6 90% 80
12 6 90% 80
13 6 90% 80

The tensile test results provide detailed insight into the
mechanical performance of the specimens. As presented
in Table 2, key parameters such as maximum force (N),
strain (%), tensile strength (MPa), and elastic modulus
(MPa) were obtained. These mechanical properties enable a
comprehensive evaluation of the structural behavior of the
printed specimens under tensile loading.

In addition to the mechanical properties, process re-
lated outputs, including filament consumption and print-

Figure 1. ASTM D638 type 1 - tensile test specimen.
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Figure 2. UVE MNRO50 tensile test machine.

Figure 3. Tensile test specimens.

ing time, were also measured. The complete set of output
data, combining both mechanical and production-related
parameters, is summarized in Table 3. This data set forms
the basis for subsequent statistical analysis, including S/N
ratio evaluation and ANOVA, as well as optimization us-
ing the Taguchi method.

Based on experimental tests, and subsequent analyses,
the obtained data were systematically compiled. These out-
put parameters were further analyzed using signal-to-noise
(S/N) ratios and ANOVA to identify the most influential
factors.

KEY FINDINGS

In experimental results, Taguchi introduced a perfor-
mance evaluation criterion known as the signal-to-noise
(S/N) ratio, which is used as an analysis variable to assess
the robustness and quality of experimental results.

Several assumptions are considered in the calculation
of the S/N ratio, including “smaller is better;” “nominal is
best,” and “larger is better” Regardless of the selected as-
sumption, the primary objective in all cases is to maximize
the S/N ratio in order to achieve optimal performance and
minimize variability.

The findings obtained from the output parameters
were evaluated in terms of mechanical strength, filament
consumption, and printing time. The experimental re-
sults were analyzed based on the appropriate S/N ratio

Table 2. Tensile test findings

Specimen Fmax (N) E(MPa) ot(MPa) ¢€(%)
Al 1844.641  2627.867 42.069 4.526
A2 1858.904  2612.023 41.753 2.563
A3 1901.203  2651.828 42.704 2.135
B1 2011918  2998.894 43.948 2.828
B2 1831.357  2837.927 39.715 1.660
B3 2031.600  2905.050 44.025 2.342
Cl1 2301.954 3595.173 48.554 1.708
C2 2325.173  3581.178 49.018 3.174
C3 2311.136  3540.039 48.477 1.779
D1 2062.948  2924.634 44,978 1.900
D2 2134.676  3048.559 47.793 2.023
D3 2199.706  3000.864 49.685 3.377
E1l 2164.256  3069.198 47.258 3.637
E2 2102.350  3133.051 46.481 2.967
E3 2176.825  3127.246 47.981 3.348
F1 2733.224  3981.620 59.161 2.676
F2 2826.929  3983.078 61.858 4.089
F3 2670.678  3968.812 58.228 1.712
Gl 2235.871  3124.262 48.152 1.853
G2 2309.029  3165.595 49.550 2.325
G3 2352.569  3162.160 50.716 2.363
Hi1 2824.032  3884.153 64.057 2.726
H2 2847.627  4143.654 65.323 2.104
H3 2779.362  3919.540 63.233 5.392
11 3082.907  4269.855 67.368 2.210
12 3125.733  4343.747 68.386 2.357
13 3152.791  4466.904 69.105 2.961

criteria corresponding to each output parameter. Ac-
cording to the ANOVA results, WLC was identified as
the most statistically significant factor affecting tensile
strength, with the highest contribution ratio. In contrast,
ID and PS showed greater influence on production time
and material consumption. The statistical analysis con-
firms that WLC plays a dominant role in mechanical per-
formance, while ID and PS are more critical in terms of
manufacturing efficiency.

Analysis of Strength, Material Consumption and Time

Strength

In this study, higher strength values were considered
as an indicator of better-quality performance. Accord-
ingly, the system was optimized based on the “larger is
better” assumption in the Taguchi analysis. According to
these findings, the highest S/N ratios were obtained at the
following factor levels:
o For the WLC factor, the highest effect was observed as 6

with a contribution ratio of 56.21%.
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Table 3. Process output findings

Output parameters

Item Specimen Tensile strength Average of tensile Filament consumption Time
quantity (Mpa) strength (mpa) (meters) (min)
Al 3 42.069 42.175 0.776 28
A2 41.753 0.776 28
A3 42.704 0.776 28
Bl 3 43.948 42.563 0.993 21.33
B2 39.715 0.993 21.33
B3 44.025 0.993 21.33
Cl1 3 48.554 48.683 1.276 22.33
C2 49.018 1.276 22.33
C3 48.477 1.276 22.33
D1 3 44.978 47.485 0.836 17.33
D2 47.793 0.836 17.33
D3 49.685 0.836 17.33
El 3 47.258 47.240 1.03 17.66
E2 46.481 1.03 17.66
E3 47.981 1.03 17.66
F1 3 59.161 59.749 1.28 48
F2 61.858 1.28 48
F3 58.228 1.28 48
Gl 3 48.152 49473 0.893 14.667
G2 49.55 0.893 14.667
G3 50.716 0.893 14.667
H1 3 64.057 64.204 1.067 40
H2 65.323 1.067 40
H3 63.233 1.067 40
I1 3 67.368 68.286 1.286 28
12 68.386 1.286 28
13 69.105 1.286 28

Table 4. Anova results for strength

Source Means of S/N ratios DF Seq SS Adj MS Fac eff (%) F p
Levels
1 2 3

WLC 32.94 34.18 35.58 2 10.40 5.20 56.21 30.27 0.03
1D 33.31 34.07 35.32 2 6.20 3.10 33.49 18.04 0.05
PS 34.73 34.27 33.71 2 1.56 0.78 8.45 4.55 0.18
Res. Err. 2 0.34 0.17 1.86

Total 8 18.51 100

DF: Degrees of freedom; Seq SS: Sum square; Adj MS: Adjusted mean square; Fac. eff: Factor effect; Res. Err.: Residual error.

« For the ID factor, the highest effect was observed as 90% These results indicate that the WLC parameter has
with a contribution ratio of 33.49%. the most significant influence on the tensile strength,

o For the PS factor, the highest effect was observed as 40  followed by ID and PS according to Anova results in
mm/s with a contribution ratio of 8.45%. Table 4.
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Table 5. Anova results for filament consumption

Source Means of S/N ratios DF Seq SS Adj MS Fac eff (%) F P
Levels
1 2 3

WLC 0.05 -0.28 -0.59 2 0.61 0.30 2.80 3.59 0.22
ID 1.58 -0.25 -2.15 2 20.86 10.43 95.68 122.96 0.01
PS -0.17 -0.19 -0.46 2 0.16 0.0 0.75 0.96 0.51
Res. Err. 2 0.17 0.08 0.78

Total 8 21.80 100

DF: Degrees of freedom; Seq SS: Sum square; Adj MS: Adjusted mean square; Fac. eff: Factor effect; Res. Err.: Residual error.

Table 6. Anova results for printing time

Source Means of S/N ratios DF Seq SS Adj MS Fac eff (%) F
Levels

1 2 3
WLC -27.50 -27.78 -28.10 2 0.55 0.27 0.58 3.27
1D -25.68 -27.85 -29.85 2 26.05 13.02 27.71 155.56
PS -31.54 -26.77 -25.08 2 67.25 33.62 71.53 401.60
Res. Err. 2 0.17 0.08 0.18
Total 8 94.01 100

DF: Degrees of freedom; Seq SS: Sum square; Adj MS: Adjusted mean square; Fac. eff: Factor effect; Res. Err.: Residual error.

Material Consumption
Minimizing filament consumption was considered an
important performance criterion. Therefore, the system
was optimized based on the “smaller is better” assumption
in the Taguchi analysis. According to these findings, the
highest S/N ratios were obtained at the following factor lev-
els shown in Table 5:
 For the WLC factor, the highest effect was observed as 2
with a contribution ratio of 2.80%.
« For the ID factor, the highest effect was observed as 20%
with a contribution ratio of 95.68%.
o For the PS factor, the highest effect was observed as 40
mm/s with a contribution ratio of 0.75%.
These results indicate that the ID parameter has the
most significant influence on filament consumption, while
the effects of WLC and PS are relatively limited.

Printing Time
Minimizing the printing time was considered an im-
portant objective to improve production efficiency. There-
fore, the system was optimized based on the “smaller is
better” assumption in the Taguchi analysis. The ANOVA
results obtained using the time variable are presented in the
corresponding table. According to these findings, the high-
est S/N ratios were obtained at the following factor levels:
o For the WLC factor, the highest effect was observed as 2
with a contribution ratio of 0.58%.
« For the ID factor, the highest effect was observed as 20%
with a contribution ratio of 27.71%.
o For the PS factor, the highest effect was observed as 120
with a contribution ratio of 71.53%.

These results indicate that the PS parameter has the
most significant influence on printing time, followed by ID,
while the effect of WLC is relatively limited illustrated in
S/N ratios shown in Table 6 below.

RESULTS AND DISCUSSION

The Taguchi-based optimization results indicate that
WLC is the most influential parameter governing tensile
strength, whereas ID, and PS predominantly affect produc-
tion time and material consumption. This can be attribut-
ed to the fact that WLC directly determines the number of
outer perimeters, thereby enhancing load-bearing capaci-
ty and interlayer bonding strength. In contrast, ID and PS
mainly influence the internal structure and deposition rate,
which are more closely associated with manufacturing effi-
ciency rather than structural reinforcement.

Beyond their individual contributions, a notable syn-
ergistic interaction between ID and PS was identified. At
elevated PS values, the reduced residence time of extruded
material limits interlayer diffusion, leading to inadequate
bonding and the formation of internal voids. This effect be-
comes more critical at lower ID levels, where the reduced
material density amplifies structural discontinuities. Con-
versely, higher ID values can partially mitigate the adverse
effects of increased PS by improving internal support and
reducing porosity. These findings highlight that the com-
bined influence of PS and ID plays a decisive role in balanc-
ing mechanical performance and internal integrity.

The observed reduction in tensile performance at high-
er PS values can be further explained by increased porosi-
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ty formation. As the printing speed increases, insufficient
bonding between adjacent filaments leads to micro-voids,
which act as stress concentration sites and initiate prema-
ture failure under tensile loading. This behavior is con-
sistent with the fundamental characteristics of FDM pro-
cesses, where interlayer adhesion is strongly dependent on
thermal diffusion and bonding time.

Although tensile testing was conducted using standard
specimens, the selected geometry and loading conditions
were designed to represent the critical mechanical behavior
of CCFs. In real applications, CCF components are exposed
to localized stresses and repetitive mechanical interactions,
where both strength and structural integrity are essential.
Therefore, the obtained results provide a representative and
practically relevant basis for evaluating the performance of
CCFs under operational conditions.

The interpretation of these findings should be consid-
ered within the constraints of the experimental setup. All
experiments were conducted using a single material type
PLA brand name is called KIMYA, which may limit the gen-
eralizability of the results to other thermoplastics with dif-
ferent thermal and rheological properties. Furthermore, the
experiments were carried out on a closed-chamber FDM
system on BCN3D Epsilon W27 3D Printer machine and
under controlled environmental conditions approximately
24°C ambient temperature and 40% relative humidity. Such
conditions can significantly influence cooling behavior, in-
terlayer adhesion, and dimensional stability, and may lead
to different outcomes in open-frame systems or varying en-
vironmental conditions for reporoducibility.

In addition, several process parameters were kept con-
stant, including a layer height of 0.2 mm, a brass nozzle di-
ameter of 0.4 mm, and a cooling fan speed of 80%. While
this controlled approach enables a focused investigation of
WLC, ID, and PS, it restricts the assessment of potential in-
teractions between these fixed parameters and the studied
variables. Variations in layer height or cooling conditions,
for instance, could alter interlayer bonding mechanisms
and consequently affect mechanical performance.

Despite these limitations, this study makes a signifi-
cant application-oriented contribution by focusing on
functional CCF components rather than solely on conven-
tional standardized test specimens. Although the experi-
ments were conducted using standard tensile specimens,
the findings are interpreted in the context of real fixture
applications. By integrating mechanical strength, produc-
tion time, and filament consumption into a unified opti-
mization framework, the study provides a comprehensive
basis for decision-making in in-house fixture production.
Future work should extend this approach by incorporat-
ing different materials, printer configurations, and envi-
ronmental conditions, as well as advanced multi-objective
optimization techniques.

CONCLUSION

This study aims to investigate the effects of process
parameters on the strength, filament consumption, and

printing time of PLA materials used in the production of
fixtures. Within this scope, WLC, ID, and PS were consid-
ered as primary process parameters. The experiments were
carried out according to the Taguchi L9 experimental de-
sign, using a total of 27 specimens, where each factor was
evaluated at three different levels.

Based on the calculated signal-to-noise (S/N) ratios,
the highest strength value was obtained with the factor
level combination of WLC 6, ID 90, and PS 40. For fil-
ament consumption, the effect of ID was calculated as
95.68%, while the contribution of WLC was 2.80%, and
the optimal combination was determined as WLC 2, ID
20, and PS 40. For the printing time, the results indicated
that the most influential factors were PS 71.53% and ID
27.71%, with the optimal parameter combination identi-
fied as WLC 2, ID 20, and PS 120.

These findings demonstrate how process parameters
influence AM processes using PLA to enhance production
efficiency and mechanical performance. Identifying crit-
ical factors affecting strength, material consumption, and
production time provides valuable insights for improving
manufacturing efficiency and product quality.

This study identifies WLC as a key parameter con-
trolling the mechanical performance of CCF components
and improving process efficiency. Future studies may focus
on different materials, more complex geometries, and tight-
er tolerances to further advance this field.
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INTRODUCTION shape the workpiece as desired, and it is usually done using
machine and cutting tools. The machining cutting process
can be divided into two major groups which are (i) cutting
process with traditional machining (e.g., turning, milling,
boring and grinding) and (ii) cutting process with modern
machining (e.g., electrical discharge machining (EDM) and

abrasive waterjet (AW]) [2]. Machining processes play a

A Large Language Model is a type of artificial intelli-
gence (AI), that is trained with massive amounts of text
and purposed to generate humane responses via various
natural language processing (NLP) techniques such as,
text generation, summarization, and translation. Recent

advancements in LLMs have transformed the approach of
knowledge share and gathering significantly. Generative Al
is also a key value for the machining industry to optimize,
generalize and standardize procedures of machining.

In manufacturing, the process of removing unwanted
segments of metal workpiece in the form of chips is known
as machining. Machining is one of the five groups of man-
ufacturing processes which includes casting, forming, pow-
der metallurgy and joining [1]. The machining process will

*Corresponding author.
*E-mail address: ugur.enis@siemens.com

pivotal role in the manufacture of final components, whose
outcome, depending on the machining conditions and
strategies, can significantly influence the material’s func-
tional performances [3].

In recent years, artificial intelligence and machine
learning techniques have been increasingly adopted to ad-
dress various challenges in machining. Soori et al. [4] pro-
vided a comprehensive review of machine learning and Al
applications in CNC machine tools, covering areas such as
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process optimization, predictive maintenance, and adaptive
control. Similarly, Pimenov et al. [5] critically reviewed Al
systems developed specifically for tool condition monitor-
ing, highlighting the potential of data-driven approaches
to reduce tool failures and improve machining efficiency.
These studies illustrate that Al-based methods have be-
come well-established for specific machining sub-tasks, yet
their reliance on structured numerical data and predefined
feature engineering limits their generalizability across di-
verse operational scenarios.

A closely related challenge is the automated selection
of cutting tools, which traditionally depends on expert
knowledge and catalog-based reasoning. Navaneethan et
al. [6] reviewed the state of automated cutting tool selection
methods, encompassing rule-based systems, case-based
reasoning, and machine learning approaches. Their anal-
ysis revealed that despite notable progress, existing meth-
ods still struggle to incorporate the breadth of contextual
factors — such as workpiece geometry, material properties,
and machine constraints — that a human expert natural-
ly considers. This limitation points toward the need for Al
systems capable of natural language understanding and
multi-factor reasoning.

Traditional machine tool operations involve examining
the G-Code, obtaining information about the material to be
machined, selecting the appropriate tool for the operation
based on this information, and adjusting the federate and
spindle speed in accordance with the selected tool material
and workpiece material to be machined [7].

These operations represent a set of cognitive tasks that
require high knowledge of the discipline in line with the
experience of the domain expert. After the transfer of spe-
cialized knowledge, training of new personnel, validation of
the theoretical knowledge acquired in line with the practic-
es, the capacity and ability to fulfill these tasks are acquired.

However, with LLM technology reaching the capacity
to perform cognitive tasks such as natural language under-
standing, generation, and reasoning, it offers the potential
to transform, optimize, and comprehend complex engi-
neering problems for such tasks [8]. Recent research has
demonstrated growing interest in applying LLMs to various
manufacturing domains. Makatura et al. [9] evaluated LLM
capabilities across design and manufacturing tasks, includ-
ing CNC machining project optimization, revealing both
promising performance and notable limitations in spatial
reasoning. Ni et al. [10] proposed an LLM-based manufac-
turing process planning approach aligned with Industry
5.0, utilizing prompt engineering to guide sequential deci-
sion-making in process plan generation. In a broader scope,
Shahin et al. [11] surveyed the applications of generative Al
across the manufacturing lifecycle, documenting case stud-
ies in quality control, process optimization, and production
planning while identifying critical gaps in domain-specific
adaptation. Furthermore, the integration of generative Al
with digital twin technology has emerged as a complemen-
tary avenue; Mata et al. [12] developed a comprehensive
framework combining human expertise with generative Al
in digital twin-based manufacturing systems, demonstrat-

ing enhanced decision-making capabilities through virtu-
al-physical synchronization.

Within this broader trend, several studies have spe-
cifically investigated LLM capabilities for G-code — the
standard programming language for CNC machine tools.
As noted in the work by Jignasu et al. [13], foundational
LLMs showed limited understanding of geometries encod-
ed in G-code for additive manufacturing. Expanding on
this direction, Sket et al. [14] compared ChatGPT-3.5 and
ChatGPT-4o for G-code generation in CNC machining and
found that while newer models produced more accurate
code, they still required human verification for practical
deployment. Abdelaal et al. [15] addressed this reliability
concern by proposing GLLM, a self-corrective G-code gen-
eration framework that incorporates user feedback loops
to iteratively improve the generated output. These studies
collectively establish that while LLMs possess a degree of
competence in G-code related tasks, significant challenges
remain in ensuring accuracy and completeness.

Beyond G-code generation, researchers have explored
LLM deployment for broader CNC operational tasks. Kani-
mozhi and Sriker [16] demonstrated an explorative deploy-
ment of a fine-tuned LLM for on-site CNC machine oper-
ator assistance, showing that domain-adapted models can
address machine-specific queries more effectively than gen-
eral-purpose LLMs. Jeon et al. [17] proposed CNC-Talks,
a conversational machine monitoring framework that inte-
grates LLMs with real-time data retrieval augmented gener-
ation (RAG) to enable natural language-driven interaction
with CNC equipment. Stathatos et al. [18] applied LLMs to
high-level computer-aided process planning (CAPP) in a
distributed manufacturing context, generating alternative
process plans from textual part descriptions. While these
works demonstrate LLM capabilities in individual aspects
of manufacturing, they each focus on a single sub-task rath-
er than evaluating LLMs across the full spectrum of cogni-
tive tasks involved in a machining workflow.

Despite this growing body of research, no study has yet
provided a comprehensive evaluation that compares multi-
ple LLMs across different prompt engineering strategies on
a complete machining workflow — encompassing G-code
interpretation, cutting tool recommendation, and machin-
ing parameter estimation — while simultaneously validat-
ing the outputs against both industry-standard CAM soft-
ware and digital twin simulations. In this paper, the domain
expertise of foundational LLMs is evaluated across these
three key tasks in the machine tool domain to determine
whether LLMs can serve as a generic, optimal, and stan-
dardized solution for these operations. For this purpose,
different foundational LLMs and different prompt tech-
niques will be employed and compared.

MATERIALS AND METHODS

In this section, the traditional approaches for selecting
machine parameters with domain expertise will be exam-
ined. The discussion begins with face milling as the refer-
ence operation.
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Face Milling

Face milling is a machining operation that controls the
height of the machine part. It is commonly used to generate
flat reference surfaces before subsequent finishing operations.

Like all milling operations, face milling employs a
cutting tool that rotates while the machined part remains
stationary. Face milling requires that a specific amount of
material be removed from the top of part, at one or several
depth levels, in a single cut or multiple cuts [19].

Based on the machining operation, selection of a face
mill cutter must consider several conditions [19].

o CNC machine specifications and condition
« Part material to be machined

+ Setup method and work holding integrity

+ Method of mounting

« Cutter overall construction

« Face mill diameter

« Number of inserts and insert geometry.

The last two items influenced actual program devel-
opment at most, because it has a direct relation with the
cutting feed and spindle speed. the number of inserts and
milling diameter directly affects the cutting speed and spin-
dle speed [20].

Large Language Models (LLMs)

Text generation and summarization with LLMs have
increased significantly in recent years for many industries.
Foundational LLMs which have been open sourced for use
by the general have been trained with a large portion of data
that includes many different fields including engineering,
art, sports, and science. This way, LLMs can be used well for
different types of industries and generate text for different
types of tasks.

Also with reinforcement learning, the LLMs capabili-
ties went beyond. Reinforcement learning is a learning type
based on a rewarding system for the LLMs to gather feed-
back directly from humans [21]. This enabled chatbots to
establish communication based on user feedback and align
the results based on the needs.

As concluded in work by Jignasu et al. [13], while founda-
tional LLMs can perform with reasonable proficiency, they also
depict their critical limitations. Their experiments have shown
that the understanding of LLMs for geometries with given
G-Codes were limited in additive manufacturing domain.

Prompt Engineering

In this paper, three different types of prompting have
been examined. Each type is presented with its role in the
machine tool evaluation workflow.

Zero-Shot Prompts

Zero-shot prompts refer to instruction based single
prompt, that can contain inputs such as:
« Step-by-step guidance
o Options to select
¢ Question etc.

Task description in a zero shot with instructions plays
a crucial role during this type of prompting. E.g. “Translate
‘how are you’ into German.”

As described in the work by Wei [22], a well-constructed
zero-shot prompt performs considerably better than others.
Theoretically a zero-shot prompt should contain whole infor-
mation with the instructions for LLM to reason the question,
evaluate the data, and format result in an expected format.

Few-Shot Prompts

Few-shot prompts generally require a few task related
examples that can lead to an optimum solution for the giv-
en task. For better understanding of user need, Al can be
adjusted in-context via few-shot prompts [23]. This leads to
better generations via LLMs.

Few-shot prompting is a procedure that you give examples
regarding to task for a better understanding and limit LLM to
work based on the subject. It will lead LLM to a solution.

Few-shot prompting acts like a fine-tuning procedure.
With prompts, users can define a context for LLM to under-
stand what is needed, described or wanted for user.

Tree of Thought Prompts

A chain-of-thought is a series of intermediate natural
language reasoning steps that lead to final output [24]. Tree
of thoughts prompts are a combination of single-shot and
few-shot prompting, it works poorly on tasks that require
reasoning abilities and often does not improve substantially
with increasing language model scale.

In the work by Wei [24], it is concluded that chain-of-
thought prompting is a simple method for enhancing the
reasoning capabilities of LLMs. It is understood that, with a
chain of thought, LLMs can scale way better for arithmetic,
symbolic and commonsense reasoning.

Tree of thought prompt contains instruction and input,
and the procedure continues with the requirement of more
answers. A self-discussion will be led by the LLM resulting
in the perfect scenario for the output.

Procedures

The main purpose of this methodological approach is,
by using different prompt techniques, to determine to what
extent LLMs can effectively perform the tasks mentioned
above, which are based on human expertise in the tradi-
tional sense. These critical cognitive tasks mostly remain
dependent on humans, and LLMs offer a new opportunity
to automate these tasks. However, the direct use of outputs
can cause situations such as damage to the tool, spoilage
of the workpiece, etc., meaning, in terms of practical appli-
cability, verification is needed. Therefore, the methodology
includes verification processes by comparing the generated
outputs with CAM software (Siemens NX) [25] widely used
in the industry and with simulations of the digital twin ap-
plication (Create MyVirtual Machine) [26] also produced
by Siemens for the Sinumerik CNC controller.

To make an evaluation specific to the relevant domain,
the following LLM models have been selected. These mod-
els provide a balanced comparison across commercial and
open-source LLM families.

Claude V3.7 Sonnet: Anthropic’ s latest hybrid reason-
ing model; supports both fast inference and deep thought
modes [27].
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DeepSeek-R1: DeepSeek’s inaugural open-source
language model; designed for code and general-purpose
tasks with competitive performance across benchmarks.
Offers transparency, flexibility, and strong multilingual
capabilities [28].

GPT-4.5: OpenAT’s transitional model bridging GPT-
4 and future iterations. Combines improved reasoning
with faster response times and better tool integration.
Ideal for both complex problem solving and everyday Al
assistance [29].

Ground Truth Definition

In this section, the exact dataset (“ground truth”) used
as a reference in the comparative evaluation of LLM capa-
bilities is defined in detail. Two face milling operations have
been examined to compare and give in context.

Face Milling Operation Example 1

Workpiece material and tool features

The tool configuration for this operation is shown in
Figure 1.

Material: C40 Steel (AISI/SAE 1040)

Tool Type: Facing Tool

Tool Diameter: 52 mm

Number of Flutes: 6

Cutting Angle: 45 °

Spindle speed and feed rate

Spindle speed for roughing: 980 RPM
Spindle speed for finishing: 1100 RPM
Cutting speed (Vc) for roughing: 160 m/min
Cutting speed (Vc) for finishing: 180 m/min
Feed rate for roughing: 880 mm/min

Feed rate for finishing: 530 mm/min

Feed per Tooth (Fz): 0.08 mm/rev

Operation Description

A face-milling operation is performed. It contains two
groups, for roughing and finishing. The tool approaches the
part along the Z axis to the reference plane (G507(Z220)),
then moves in the part to 2.2 mm (G1 Z-2.2) and begins
cutting by descending 0.2 mm below the surface (G1 Z-2.0).
And then the finishing group starts with going first to the
reference plane(G507). Then, finishing starts with going
down to cutting area with command (G1 Z-2.5). And face
milling operation continues.

Geometric Description
Initial setup:

o Program begins with G17 (XY plane), G40 (cutter com-
pensation off), G90 (absolute positioning)

o Tool selection: "ALU_D63" with actual cutting diameter
of 52mm and 6 teeth

o Workpiece defined as box shape with dimensions
155x100x20

Approach:

 Rapid traverse (GO) to initial position X5 Y-135

o Spindle starts at S980 rpm with cutting speed
VC=160m/min

Figure 1. Tool scheme for face milling operation example 1.

o Feed rate F880 with feed per tooth FZ=0.15mm
« Rapid descent to Z1mm followed by coolant activation
(M8)
Roughing operation:
o DPlunge cut to Z-2.2mm with 3mm corner rounding
(RNDM=3)
o Zigzag pattern with 31mm step over (AE):
+ Linear move from Y-135to YO
o 2. Step right to X36
o Linear move to Y-100
« Step right to X67
o Linear move to YO
o Step right to X98
o Linear move to Y-100
+ Step right to X129
+ Final move to YO Retract to Z2mm at end of roughing
Finishing operation:
o Repositioning to X0 Y-135 with increased spindle speed
$1100 (VC=180m/min)
o Reduced feed rate F530 (FZ=0.08mm) for better surface
finish
Six parallel vertical passes with 26mm step over (AE):
Pass at X0: Cut from Y-135 to Y35, retract to Z2
Pass at X26: Cut from Y-135 to Y35, retract to Z2
Pass at X52: Cut from Y-135 to Y35, retract to Z2
Pass at X78: Cut from Y-135 to Y35, retract to Z2
Pass at X104: Cut from Y-135 to Y35, retract to Z2
Pass at X130: Cut from Y-135 to Y35, retract to Z2
o Finishing depth Z-2.5mm (0.3mm deeper than roughing)
Surface Coverage:
o X-axis coverage: Omm to 130mm (total width of
130mm)
o Y-axis coverage: -135mm to 35mm (total length of
170mm)

ISR AN o i e

Face Milling Operation Example 2

Workpiece material and tool features

The tool configuration for this operation is shown in
Figure 2.

Material: Cast iron

Tool Type: Facing Tool

Tool Diameter: 25 mm

Number of Flutes: 3

Cutting Angle: 45 °
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Figure 2. Tool scheme for face milling operation example 2.

Spindle Speed and Feed Rate
Spindle Speed: 600 RPM
Feed rate: 180 mm/min

Operation Description

A face-milling operation is performed. The operation is
executed in multiple passes with decreasing depth: 1.5mm,
1.0mm, 0.5mm, and 0.0mm. The tool follows a zigzag pat-
tern with both linear and circular movements. The oper-
ation runs at a spindle speed of 600 RPM with a feed rate
of 180mm/min. Coolant is active during the cutting opera-
tion. The coolant type is emulsion with boron oil.

Geometric Description
Initial setup:

« The program begins with G17 (XY plane), G40 (cutter
compensation off), G90 (absolute positioning), G94
(feed per minute)

« Tool selection: "MILL_D25" with 25mm cutting diameter

« Program uses G54 workpiece coordinate system

o Approach:

o Initial rapid positioning to X-360 Y223.9

o Tool change and setup with MILL_D25

 Spindle starts at S600 rpm with coolant activation (M8)

« Initial positioning to X-46.138 Y23.724 with B0 and CO

Cutting operation:

o Four identical passes at different Z depths (1.5mm,
1.0mm, 0.5mm, 0.0mm)

o Each pass follows the same pattern:

« Linear cuts along X-axis

 Circular interpolation (G2/G3) for curved features

« Combined linear and circular movements creating a
complex profile

Surface coverage:

» X-axis coverage: approximately -49mm to +37mm

 Y-axis coverage: approximately -20mm to +24mm

o Z-axis levels: 1.5mm, 1.0mm, 0.5mm, and 0.0mm

Prompt Techniques Examined Specific to Machine

Tool Domain

In this section, it is explained in detail how the select-
ed prompt techniques -Zero- Shot, Few- Shot and Tree of
Thought- are applied to the tasks in the study. The objective
is to show how each technique supports operation review,
tool selection, and parameter estimation.

Figure 3. Zero shot prompt template for operation exam-
ination.

Figure 4. Few shots prompt template for operation exam-
ination.

Prompt Configurations for Operation Review Task

The main purpose at this stage is to evaluate the LLM's
ability to correctly parse and interpret a universally written
G Code part for the Face Milling operation. Thanks to the
relevant prompt, it will be asked to infer information such
as a specific "Operation Type" (e.g.: Face Milling) and "Geo-
metric Description” (e.g.: the process of correcting a 100x80
mm surface by removing 0.5 mm).

Workpiece material and hardness are defined using gen-
eral information obtained from factory data. Although this
information is not directly used in this stage, it is critical for
subsequent tasks and is included in the setup.

Zero Shot Prompting Application for Direct Inference

in Operation Examination Task

With this prompt technique, it is designed in such a
way that the LLM is directly requested to perform a specif-
ic task using its general knowledge about CNC machining,
G-Code analysis. Within the prompt, a role is usually as-
signed to the model, and it is ensured that it focuses on the
relevant area of expertise. The prompt template is presented
in Figure 3.

Few Shots Prompting Application for More Guidance

in Operation Examination Task

With this prompt technique, it is structured to include
a few examples input and output pairs to obtain the desired
output. Within the framework of this study, a two-example
learning approach will be used. As an example, a similar
G-Code and the operation type and geometric description
of this G-Code will be given. The prompt structure is shown
in Figure 4.

Tree of Thought Prompting Application for Deliberative

Reasoning in Operation Examination Task

With this prompt technique, an attempt has been made
to elicit deliberative reasoning for a single interaction with
the LLM. Imagining multiple experts encourages the LLM
to use various perspectives and generate lines of reason-
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Figure 5. Tree of thought prompt template for operation
examination.

Figure 6. Zero shot prompt template for selecting suitable
tool properties.

Figure 7. Few shots prompt template for selecting suitable
tool properties.

ing. Each expert sharing their thoughts ensures that these
causal steps are clearly expressed. Asking it to realize it
is mistaken enables it to perform internal evaluation and
eliminate this line of thought. The prompt template is giv-
en in Figure 5.

Prompt Configurations for the Task of Selecting

Suitable Tool Properties

The main purpose at this stage is to evaluate the LLM’s
ability to recommend suitable cutting tools for a specif-
ic Face Milling operation, considering the process re-
quirements and the properties of the workpiece material.
Thanks to the relevant prompt, it will be asked to infer
information such as “Tool Type” (e.g.: Indexable Face
Mill), “Tool Material” (e.g.: Coated Carbide) and “Tool
Geometry Features” (e.g.: Diameter, Number of Flute,
Length). The properties of the tool will be compared with

Figure 8. Tree of thought prompt template for selecting
suitable tool properties.

Figure 9. Zero shot prompt template for spindle speed and
feed rate estimation.

applied and used data obtained from factory data as it is
mentioned in Section Claude Sonnet v3.7 Evaluation and
Section Deepseek-R1 Evaluation.

Zero Shot Prompting Application for Direct Inference

in the Task of Selecting Suitable Tool Properties

The prompt created using the approach mentioned in
Section Claude Sonnet v3.7 is as follows (Fig. 6).

Few Shots Prompting Application for Deliberative

Reasoning in the Task of Selecting Suitable Tool Properties

The prompt created using the approach mentioned in
Section Deepseek-R1 Evaluation is as follows (Fig. 7).

Tree of Thought Prompting Application for Deliberative

Reasoning in the Task of Selecting Suitable Tool Properties

The prompt created using the approach mentioned in
Section GPT4.5 Preview Evaluation is as follows (Fig. 8).

Prompt Configurations for the Task of Estimating

Suitable Spindle Speed and Feed Rate

The main purpose at this stage is to evaluate the LLM's
inference of suitable cutting parameters -cutting speed
(RPM) and feed rate (mm/minute)- for a specific workpiece
and tool. This allows a direct comparison of model recom-
mendations against reference process values.

Zero Shot Prompting Application for Direct Inference

in the Task of Estimating Suitable Spindle Speed and

Feed Rate

The prompt created using the approach mentioned Sec-
tion GPT4.5 Preview Evaluation is as follows (Fig. 9).
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Figure 10. Few shots prompt template for spindle speed
and feed rate estimation.

Few Shots Prompting Application For More Guidance

in the Task of Estimating Suitable Spindle Speed and

Feed Rate

The prompt created using the approach mentioned in
Section Deepseek-R1 Evaluation Figure is as follows (Fig. 10).

Tree of Thought Prompting Application for Deliberative

Reasoning in the Task of Estimating Suitable Spindle

Speed and Feed Tate

The prompt created using the approach mentioned in
Section GPT4.5 Preview Evaluation is as follows (Fig. 11).

EXPERIMENT AND APPLICATION PROTOCOL

Based on data obtained from the factory environment,
sample G-Code blocks will be created with the help of NX
CAM. This created G-Code will again be simulated on NX
CAM, and the final processed output will be recorded and
stored for future comparison [25].

Application of Prompts

For each defined prompt — G-Code interpretation, tool
selection, and cutting parameter estimation - it will be run
on the selected LLM platform. The text-based responses of
the LLM will be recorded directly.

Operation Examination

The textual description regarding the G Code pro-
duced with the help of NX CAM will be evaluated based on
known parameters and purpose. The assessment focuses on
whether the generated interpretation matches the intended
operation and geometry.

Selecting Tool Properties

A virtual tool corresponding to the “tool geometry fea-
tures” suggested by the LLM will be modelled in the sim-
ulation environment using the Create MyVirtual Machine
application. The “Tool Type” and “Tool Material” outputs
will be evaluated by comparing them with data obtained
from the factory [26].

Estimating Spindle Speed and Feed Rate

The “Cutting Speed” and “Feed Rate” values suggested
by the LLM will be applied in the simulation environment
using Create MyVirtual Machine application. At this stage,

Figure 11. Tree of thought prompt template for spindle
speed and feed rate estimation.

the tool is virtually modelled in section Face Milling and
the G-Code used for interpretation in section Large Lan-
guage Models will be run.

Comparison and Verification

The basic verification control will take place by running
the created G-Code in the Create MyVirtual Machine en-
vironment. The main criterion for success is "the observa-
tion that the processed material is compatible with the NX
Cam simulation output.”". The properties of the virtually
processed part (dimensions of the area where Face Milling
is applied) include a geometric comparison of the output
provided by NX CAM. The estimation of tool selection and
cutting parameters will be verified by comparing them with
data obtained from the factory.

Performance Evaluation Metrics

A series of metrics will be used to systematically evaluate
the performance of LLM outputs throughout different prompt
techniques and experimental stages. These metrics are de-
signed by referencing similar academic studies to measure the

degree of accuracy and usability of LLM's suggestions [13].
Definition of Success Metrics Related to Operation Ex-

amination Task:

o Success: The LLM correctly identifies the operation type
and presents an accurate and complete geometric de-
scription of the machining features, matching the given
G-Code function.

o DPartially Success: The LLM correctly identifies the oper-
ation type, but the geometric description contains mi-
nor deficiencies or errors that do not alter the essence of
the operation.

o Unsuccess: The LLM identifies the wrong operation
type, or the geometric description is significantly erro-
neous or misleading.

Definition of Success Metrics Related to Selecting Tool

Properties Task:

o Success: All suggested tool parameters (“Tool Type”,
“Tool Material”, “Tool Geometry”) represent a valid,
optimal, or very close to optimal definition for the rel-
evant machining and workpiece. It will be compared
with proven data obtained from the factory.
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o DPartially Success: The suggested tool is generally suit-
able but may require minor adjustments for one or more
parameters (e.g., if the suggested diameter is close to a
standard size) or the suggested tool is a functional alter-
native, although not optimal.

o Unsuccess: The suggested tool is not suitable for the op-
eration, the material selection is incorrect, or the geo-
metric properties lead to poor performance or failure.
Definition of Success Metrics Related to Estimating

Spindle Speed and Feed Rate Task:

« Success: The suggested spindle speed and feed rate val-
ues are within an acceptable tolerance range, such as +
5% of proven values obtained from the factory, and re-
sult in smooth machining in the digital twin.

o Partially Success: The parameters are outside the opti-
mal range but do not cause the simulation to fail com-
pletely (e.g., longer processing time), the part can still
be machined correctly. It remains within the reference
value ranges in the datasheet published by the tool man-
ufacturer for the tool used in the factory as it is men-
tioned in Section Claude Sonnet v3.7 Evaluation and
Section Deepseek-R1 Evaluation.

« Unsuccess: The suggested parameters are largely in-
correct, leading to errors such as tool breakage, sur-
face defects, or inability to complete the operation. The
suggested values are recommended completely inde-
pendently of the reference ranges in the tool defined
factory data as it is mentioned in Section Claude Sonnet
v3.7 Evaluation.

RESULTS AND DISCUSSION

At this stage, the results of the experiments conducted
in line with the methodology will be discussed within the
following scope. The discussion highlights both strengths
and limitations observed across models and prompting
techniques.
 Relative strengths and weaknesses of each prompt tech-

nique for the selected application specific to the ma-

chine tool domain.

o The type of error and tendency to error that LLMs re-
peat when working with machine tool information.

o The extent to which the current LLM outputs are reli-
able and the level of modification or expert intervention
they generally require.

o Inferences for future research regarding its development
for use as a domain assistant.

Discussions About the Operation Examination Task

In this section, the operation examination prompts
were used for different language models and evaluation
results have been discussed. The comparison emphasizes
how accurately each model interprets operation type and
geometry.

Claude Sonnet v3.7 Evaluation

Demonstrated a significant ability in this task. All
prompting techniques achieved a "Partially Success" rating.

The Zero Shot model could not identify the operation as

“face milling or surface milling”, it identified the operation
as a “2D profile milling” operation. But the geometrical de-
scription was accurate. So, Zero Shot model correctly iden-
tified the 4 depth phases of the operation with 0.5 mm of
depth. The path start was correctly identified, feed rate has
been detected, and the cutting depth of the phases has cor-
rectly also identified. What made zero shot model to identi-
fy operation not correctly was the circular arcs in the profile
shape. It was a face milling operation with smoothing that is
why it contained circular arcs. But Zero Shot model detect-
ed these as a profile.

The Few Shots model also could not identify this opera-
tion as a “face milling or surface milling” operation, it iden-
tified the operation as a “Contour Milling operation” But
the geometrical description was also accurate. It correctly
identified the four depth passes and in which Z coordinates
it started. It correctly identified that these passes have the
same pattern, and this operation is a high-precision opera-
tion with high-precision compression mode. It also detect-
ed that there is smooth motion control.

The Tree of Thought approach, leveraging simulated
expert consensus, also could not identify the operation as
"Face milling / Surface machining." The geometric descrip-
tion mirrored Zero-Shot's accuracy in most aspects, includ-
ing the same minor X-limit discrepancy.

Deepseek-R1 Evaluation

Demonstrated a medium rated ability for this task. All
prompting techniques could determine geometric descrip-
tions but had failure determining the operation.

The Zero Shot prompting model has detected the oper-
ation as “2.5D Milling” It correctly identified the 4 passes
at correct depths. It could also identify the feed rate and
spindle speed from the given g-code and could describe the
contouring path correctly.

The Few Shots model also could not identify this op-
eration as a “face milling or surface milling” operation, it
identified the operation as a “Contour Milling” operation.
But the geometrical description was also accurate. It cor-
rectly identified that there exists multiple depth passes and
in which Z coordinates it started. It correctly identified that
these passes have the same pattern. It correctly identified
that the operation uses step-down milling with positional
accuracy tolerances of 0.01 mm on all axes.

Tree of Thoughts approach has determined the opera-
tion type as “3-axis symmetrical profile finishing”. The mul-
tilevel passes were in the expert discussion, but it was not
included in the conclusion. The interpolation turning and
linear movements were also included in the expert discus-
sion, but it was not declared in conclusion. There was no
information about spindle speed or feed rate.

GPT4.5 Preview Evaluation

Demonstrated a medium rate of ability with whole
types of prompting. It could be said that GPT4.5 was not
generally successful for this type of domain.

The Zero Shot model has determined the given op-
eration as a “contour milling” operation. It could deter-
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mine that there exists a there are contour passes from 5
to 0, but the accurate path or a step depth was not deter-
mined. The feed rate and spindle speed were also found
from operation.

The Few Shots model had determined the operation as
a “pocket milling” operation. It has been determined that
the operation starts with an approach to 5 mm in Z and
proceeds with cutting in different depths. The depths steps
were given correctly. The spindle speed and feed rate were
present. It also included there exists smooth transitions be-
tween segments with features like radii of 7.281 mm.

Tree of Thoughts approach generally failed. It deter-
mined the operation as a “roughing operation” with an end
mill tool. The operation was made with a facing tool. The
steps were also determined in the summary and discussion.

Comparison Between Language Models

With every prompt technique; all language models have
failed to determine the operation type. They successfully
found the depth step passes and determined the machining
parameters that are contained in the operation. Geometri-
cal descriptions were present, but did not cover the whole
operation details. It would really need additional comments
and information from operators to achieve more.

The best answers were provided from Claude V3.7 Son-
net. Other than operation classification, geometrical de-
scriptions of the Claude V3.7 Sonnet were more detailed
and more accurate. The summary of evaluation results is
presented in Table 1.

Discussions About the Selecting Tool Properties Task

Claude Sonnet v3.7 Evaluation

All evaluated prompting techniques achieved a "Partial-
ly Success" rating. This indicates a general suitability of the
suggestions, though none perfectly matched GT’s specific
optimal tool.

In Zero Shots, the model correctly recommended a
"Face mill cutter with multiple inserts " with material "Coat-
ed carbide inserts,” which aligns with the GT and workpiece
material. For tool geometry parameters, the model suggest-
ed a diameter range of 63-80 mm for this operation but has
not determined a specific diameter as in ground truth. The
number of flutes is also not specified, but a range of 5-8 has
been given as a suggestion via model. Cutting angle was
specified as 45 °. This was also a tool information that is
determined in ground truth.

Few Shots approach also correctly identified the "Facing
Tool" type and "Carbide with TiAIN coating." It suggested
specific parameters: L=80mm (GT: 100mm), D=63mm
(GT: 25mm), and 5 Flutes (GT: 3). While the diameter dif-
fered, 63 mm is a standard and functional alternative.

The Tree of Thought summary correctly identified the
"Face mill cutter” type and a consensus on "carbide inserts."
The geometric discussion was rich, mentioning positive
rake angles and lead angles. However, the final summary
did not converge on specific dimensions for diameter or
flute count matching the GT, instead offering characteris-
tics of a suitable tool class.

Table 1. Operation examination results for selected LLMs

LLMs Success Partially Unsuccess
success

Claude v3.7 sonnet *

Deepseek-R1 *

GPT 4.5 *

Deepseek-R1 Evaluation

With this model, the few shots prompting technique
achieved a "Partially Success" rating. Other techniques have
not been so successful for suggesting an alternative func-
tional tool or a similarity with ground truth. This indicates
a general suitability of the suggestions, though none per-
fectly matched GT'’s specific optimal tool.

With Zero Shot approach, the model correctly recom-
mended a “Face milling tool with indexable inserts” The
material was “Carbide with TiAIN coating. It suggested s 4-6
numbers of flutes but did not suggest a diameter. It specified
a 45 ° lead angle, positive rake angle. There were no diame-
ters or tool length specified. It can be said that a base shape
for a cutter has been determined but specified alternative or
a ground truth-based example has not been given.

With Few Shots approach, the parameters were specified.
It correctly identified the operation as a face milling and gave
a suggestion for the tool type as “face milling cutter” with
material as” carbide with TiAIN coating” It gave tool length
80 mm (GT: 100 mm), diameter as 63 mm (GT: 25 mm),
number of flutes as 5 (GT: 3). This correctly establishes a
functional alternative for the operation as a suggestion.

With the Tree of Thoughts approach, the parameters
were not specified in the Summary. It correctly identified
the operation as a face milling and gave a suggestion for the
tool type as “face milling cutter” with material as” carbide
with TiAIN coating” The model did not suggest a diame-
ter, number of flute or tool length. No similarity or ground
truth has been determined by model for this operation with
this prompting approach.

ChatGPT-4.5 Preview Evaluation

With ChatGPT-4.5 Preview model, the few shots
prompting technique achieved a "Partially Success” rat-
ing. Other techniques were not suitable for suggesting
an alternative functional tool or a similarity with ground
truth. This indicates a general suitability of the suggestions,
though none perfectly matched GT’s specific optimal tool.

In Zero Shot approach, the model correctly recom-
mended a “Face milling tool with indexable inserts”. The
material was “Carbide with TiAIN coating. No specific pa-
rameters for length, diameter or number of flutes have been
suggested. It specified a 45 ° lead angle, positive rake angle.

In Few Shots approach, the parameters were specified. It
correctly identified the operation as a face milling and gave
a suggestion for the tool type as “facing tool” with material
as” carbide ISO P-type recommended” It gave tool length
80 mm (GT: 100 mm), diameter as 50 mm (GT: 25 mm),
number of flutes as 4 (GT: 3). This correctly establishes a
functional alternative for the operation as a suggestion.
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Table 2. Selecting tool properties results for selected LLMs

LLMs Success Partially Unsuccess
success

Claude v3.7 Sonnet *

Deepseek-R1 *

GPT 4.5 *

In the Tree of Thoughts approach, the parameters were
not specified in the Summary. It correctly identified the
operation as a face milling and gave a suggestion for the
tool type as “face milling cutter” with material as” carbide
with TiAIN coating” The model did not suggest a diame-
ter, number of flute or tool length. No similarity or ground
truth has been determined by model for this operation with
this prompting approach.

Comparison Between Language Models

The Few-Shots approach established good reasoning
with different models; however, apart from this approach,
the information provided was insufficient to create a func-
tional alternative tool or a similar tool with ground truth.
The best scenario was established by Claude V.37 Sonnet.
The evaluation results are summarized in Table 2.

Discussions about the Estimating Spindle Speed and
Feed Rate Task

Claude Sonnet v3.7 Evaluation

With the Zero Shot technique, parameters derived
(n=2292 RPM, Vf=1032 mm/min) based on standard ma-
chining parameters (Vc = 180 m/min, fz = 0.15 mm/tooth).
While these are common catalogue values for C40 steel
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion
and actual GT values differ. The federate for finishing in GT
was approximately 10 times lower than the suggested feed
rate. Spindle speed for this operation has been suggested
by model also approximately 4 times bigger than the GT.
This significant discrepancy renders the output "Unsuccess"
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context)
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

With the Few Shots technique, parameters derived
(n=2000 RPM, Vf=900 mm/min) based on standard ma-
chining parameters (Vc = 160 m/min, fz = 0.15 mm/tooth).
While these are common catalogue values for C40 steel
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion
and actual GT values differ. The federate for finishing in GT
was approximately 8 times lower than the suggested feed
rate. Spindle speed for this operation has been suggested
by model also approximately 4 times bigger than the GT.
This significant discrepancy renders the output "Unsuccess"
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context)
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

The Tree of Thought's consolidated recommendations
(n=2230 RPM, Vf=1000 mm/min) were, like Zero-Shot, based
on conservative, widely accepted cutting speeds (Vc=207 m/
min) and feeds per tooth (fz=0.12 mm/tooth). These deviated
from the GT by approximately 3 times greater and 10 times
greater. While the reasoning process involved simulated ex-
pert discussion, the outcome still fell far bigger of GT’s opti-
mized parameters, leading to an "Unsuccess” rating.

Deepseek-R1 Evaluation

With the Zero Shot technique, parameters derived
(n=2546 RPM, Vf=1500 mm/min) based on standard ma-
chining parameters (Vc = 200 m/min, fz = 0.2 mm/tooth).
While these are common catalogue values for C40 steel
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion
and actual GT values differ. The federate for finishing in GT
was approximately 10 times lower than the suggested feed
rate. Spindle speed for this operation has been suggested
by model also approximately 4 times bigger than the GT.
This significant discrepancy renders the output "Unsuccess"
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context)
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

With the Few Shots technique, parameters derived
(n=2000 RPM, V{=900 mm/min) based on standard ma-
chining parameters (Vc = 160 m/min, fz = 0.15 mm/tooth).
While these are common catalogue values for C40 steel
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion
and actual GT values differ. The federate for finishing in GT
was approximately 8 times lower than the suggested feed
rate. Spindle speed for this operation has been suggested
by model also approximately 4 times bigger than the GT.
This significant discrepancy renders the output "Unsuccess"
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context)
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

The Tree of Thought's consolidated recommendations
(n=1900 RPM, V=750 mm/min) were, like Zero-Shot,
based on conservative, widely accepted cutting speeds
(Vc=207 m/min) and feeds per tooth (fz=0.12 mm/tooth).
These deviated from the GT by approximately 3 times
greater for spindle speed and 7 times greater for feed rate.
While the reasoning process involved simulated expert dis-
cussion, the outcome still fell far bigger of GT’s optimized
parameters, leading to an "Unsuccess" rating.

ChatGPT-4.5 Preview Evaluation

With the Zero Shot technique, parameters derived
(n=2290 RPM, V{=680 mm/min) based on standard ma-
chining parameters (Vc = 180 m/min, fz = 0.15 mm/tooth).
The suggestion given and actual GT values differ. The feder-
ate for finishing in GT was approximately 5 times lower than
the suggested feed rate. Spindle speed for this operation has
been suggested by model also approximately 3 times bigger
than the GT. This significant discrepancy renders the out-
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Table 3. Estimating spindle speed and feed rate results
for selected LLMs

LLMs Success Partially Unsuccess
success

Claude v3.7 Sonnet *

Deepseek-R1 *

GPT 4.5 *

put "Unsuccess" when compared against the factory's prov-
en, high-performance values. Its relative "strength" (if any
in this context) was adherence to general safe practices, but
this was insufficient for the task's success criteria.

With the Few Shots technique, parameters derived
(n=2040 RPM, V=920 mm/min) based on standard ma-
chining parameters (Vc = 140 m/min, fz = 0.15 mm/tooth).
While these are common catalogue values for C40 steel
with carbide and would likely allow the operation to pro-
ceed without immediate tool failure, the given suggestion
and actual GT values differ. The federate for finishing in GT
was approximately 8 times lower than the suggested feed
rate. Spindle speed for this operation has been suggested
by model also approximately 4 times bigger than the GT.
This significant discrepancy renders the output "Unsuccess”
when compared against the factory's proven, high-perfor-
mance values. Its relative "strength" (if any in this context)
was adherence to general safe practices, but this was insuf-
ficient for the task's success criteria.

The Tree of Thought's consolidated recommendations
(n=1700 RPM, Vf=1000 mm/min) were, like Zero-Shot,
based on conservative, widely accepted cutting speeds
(Vc=135 m/min) and feeds per tooth (fz=0.2 mm/tooth).
These deviated from the GT by approximately 3 times
greater for spindle speed and 10 times greater for feed rate.
While the reasoning process involved simulated expert dis-
cussion, the outcome still fell far bigger of GT’s optimized
parameters, leading to an "Unsuccess" rating.

Comparison Between Language Models

The ground truth values differ a lot with the suggested
values with all language models. Spindle speed values were
much higher than ground truth for every model, it was also
the same for feed rate. It can be said that standard values
for calculation of the feed rate and spindle speed are not
enough to get optimum cutting speeds. The results are pre-
sented in Table 3.

CONCLUSION

This study evaluated three foundational large lan-
guage models — Claude V3.7 Sonnet, DeepSeek-R1, and
GPT-4.5 — across three core machining tasks (operation
examination, cutting-tool selection, and spindle-speed /
feed-rate estimation) using zero-shot, few-shot, and tree-
of-thought prompting. The outputs were verified against
industry-standard CAM software (Siemens NX [25]) and
digital twin simulations (Create MyVirtual Machine [26]).
The results reveal a clear gradient of capability: LLMs can
partially interpret machining operations, can propose func-

tional alternative cutting tools under guided prompting,
but consistently fail at quantitative parameter estimation —
with suggested spindle speeds and feed rates deviating from
factory-proven values by factors of three to ten.

A central finding is that apparent improvements in LLM
output can mask underlying safety hazards — a pattern ap-
propriately described as "false efficiency." Campean and
Pop [30] independently demonstrated this phenomenon:
ChatGPT's optimization of a CNC milling program yielded
a 37 % cycle-time reduction, yet 83 % of that saving resulted
from the silent deletion of a required pocket-milling oper-
ation and the removal of safety-critical G43 and G28 com-
mands, producing a non-conforming part. In the present
study, the 3-10x parameter overestimates would likewise
shorten nominal cycle times while simultaneously pushing
the process into regimes that risk tool breakage, workpiece
scrap, and machine collision. These results caution against
interpreting raw LLM-generated metrics as genuine pro-
cess improvements without rigorous physical verification.

The experiments further demonstrate that deploying
LLM:s in the machining domain does not eliminate the need
for human expertise — it redistributes it. Every LLM output
in this study required expert review: operation descriptions
needed correction of misidentified operation types, tool sug-
gestions required dimensional adjustment, and parameter
estimates had to be discarded entirely. Rather than reducing
the operator's cognitive load, the current generation of LLMs
shifts the burden from direct task execution to output veri-
fication — a distinction that must be acknowledged when
assessing the practical value proposition of LLM-assisted
manufacturing. Aghaei and Ansari [31] reached a similar
conclusion in their broad review, noting that foundation lan-
guage models generate linguistically plausible but technically
inaccurate answers and that safety-critical validation mecha-
nisms are rarely integrated into existing workflows.

Importantly, the faijlures observed in parameter esti-
mation cannot be attributed solely to prompt engineering
deficiencies. Even the tree-of-thought technique — which
structures multi-step deliberative reasoning and represents
the most sophisticated prompting strategy tested — pro-
duced "Unsuccess" results across all three models. This out-
come indicates that the limitation is not in how questions
are posed to the model but in the model's fundamental lack
of deterministic, physics-grounded reasoning. LLMs gener-
ate outputs by statistical next-token prediction over textual
corpora; they do not solve the underlying force-balance,
thermal, and vibration equations that govern metal-cutting
dynamics. Consequently, no refinement of natural-lan-
guage prompting alone is likely to bridge the gap between
catalogue-level heuristics and the process-specific parame-
ter sets that safe, efficient machining demands.

Given this structural limitation, future research should
explore hybrid architectures that combine the natural-lan-
guage interface strengths of LLMs with physics-informed
computational methods. Physics-informed neural networks
(PINNs) have recently demonstrated the ability to encode
governing equations directly into the learning process for
machining applications. Darshan et al. [32] developed a
physics-informed cutting-force model for end milling that
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achieved high predictive accuracy with limited experimen-
tal data by embedding force-equilibrium constraints into
the network loss function. Zhang et al. [33] proposed a hier-
archical Bayesian PINN for the inverse estimation of grind-
ing process parameters grounded in contact-mechanics the-
ory. These advances suggest that coupling an LLM front-end
— responsible for G-code interpretation, intent parsing, and
report generation — with a PINN back-end — responsible
for physics-constrained parameter estimation and process
simulation — could yield a system that retains the acces-
sibility of natural-language interaction while delivering the
quantitative reliability that standalone LLMs currently lack.

In summary, while foundational LLMs represent a prom-
ising interface technology for the machine tool domain, the
present results demonstrate that they are not yet a substitute for
domain expertise in safety-critical machining decisions. Their
deployment should be accompanied by mandatory verification
through digital twin simulation and expert oversight, and fu-
ture development should focus on integrating physics-based
reasoning capabilities rather than relying solely on larger train-
ing corpora or more elaborate prompting strategies.
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