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Abstract. The following paper will give an account of experimental tests and simulation of the
cutting force components Fx, Fy and Fz in down milling of AZ91D magnesium alloy. The milling
operation employed two milling cutters with a different helix angle, λs = 20° and λs = 50°, and was
conducted with changeable milling machining parameters: cutting speed, feed per tooth, axial depth
of cut. The simulation part of the study was conducted in Statistica software environment with the
application of Multi-Layered Perceptron neural network architecture, and using a “black box”
approach, which guarantees a good fit of input and output data obtained from the experimental tests.

1 Introduction
Manufacturing innovative modern components of
machines and devices for the aircraft and automotive
industries requires using state-of-the-art engineering
materials and effective machining methods, such as
milling with advanced tools and machining centres. The
ever-increasing challenges of the modern market may
generate serious production costs, therefore, engineers
and manufacturers must seek to increase the costeffectiveness of production without compromising the
quality of the final product. In subtractive machining
optimisation may be achieved by means of analysis of
the actual cutting forces and computer simulation. The
combined data obtained from such analyses may
improve the stability and effectiveness of machining.
Artificial neural network simulation aids cost
optimisation through reducing the number of actual
iterations regarding the specification and optimisation of
technological parameters of machining, and is moreover
an effective tool for minimising machining errors.

2 The state of knowledge
Subtractive machining lies at the heart of machine
building and should therefore by characterised by high
productivity, efficiency, and effectiveness of subsequent
machining layers removal. Milling and High Speed
Milling are important representatives of subtractive
machining. Qualitative description of these operations
frequently employs machinability factors.
The cutting forces occurring in milling constitute the
practical machinability factors. A sudden increase in the
*

volume of cutting forces may result in undesirable
machined surface errors. The total cutting force is
a resultant of a number of factors, including: the material
of the cutting tool and workpiece, or the cutting tool
geometry; however, these are machining parameters that
are of critical importance to the cutting forces.
Machining with high cutting speeds, feeds or depths of
cut contributes to increasing the productivity of milling
[1-2]. The paper [3] presents the research results of the
influence of technological parameters on the values and
course of the radial force during brushing process. Based
on the research it was found that the radial force
increases with the increase of the brushing speed and
brush stiffness. Analysis of the cutting force components
is essential particularly in aircraft and medical
applications, where the machined components require
ultra-high precision, and involve thin-walled features of
intricate geometry [4]. Excessive cutting forces may
have an adverse effect on the quality of machined
surfaces, which results from the increased level of
vibration in the milling machine-milling cutterworkpiece-fixture system [5].
Other factors that have an impact on the total cutting
force are adhesion and the built-up edge. They may lead
to significant fluctuations in the values of the cutting
force components in milling, deterioration of the
machined surface quality and of the dimensional and
shape accuracy of the workpiece [6]. Cutting speed vc is
the parameter which to a considerable extent determines
the cutting force and productivity of milling. According
to cutting speed milling operations may be classified into
conventional and high speed milling (HSM). The range
of HSM parameters may be defined as ∂F/∂vc<0 whereas
∂F/∂vc>0 determines the range of speeds of conventional
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machining. It is accepted that what distinguishes HSM
from conventional machining is that in HSM the increase
in the cutting speed vc leads to the decrease of the cutting
forces [7]. Alternatively, HSM may be understood as
a high-performance cutting method which produces
high-quality machined surface, eliminates the need for
finishing operations, traditionally realised through e.g.
grinding and polishing.
Research studies in the field also focus on the effect
of changing tool geometry on the cutting forces in
milling. One of the studies analysed the changes of
specific technological milling parameters (vc, fz, ap)
performed with the carbide milling cutters at a different
contact angle (γ = 5º and γ = 30º). Lower values of
cutting force components and their amplitudes,
indicating greater stability of the process, were observed
for the tool γ = 30º. Increasing the axial depth of cut
triggered a proportional increase in the cutting force
components and their amplitudes. A change in feed per
tooth provoked the increase of the cutting forces and
subsequently their stabilisation [8]. In machining with
Kordell geometry tools, the Fx and Fy components and
their amplitudes rise with the increase of feed per tooth
fz. In the case of milling with cutters of traditional tool
geometry, a more significant influence on cutting forces
and their amplitudes is observed when changing the feed
per tooth fz rather than cutting speed vc. Furthermore, it
ought to be remarked that the cutting force components
decrease with the increase of cutting speed to vc = 1200
m/min in traditional tool geometry [8,13].
Another factor of high importance is the impact of
cutting tool coating (such as the TiB2 and TiAlCN type)
on the cutting forces in milling. The lowest values of the
cutting forces (Fx, Fy) in milling Al6082 alloy with
carbide tools were obtained for a tool with a TiB 2
coating. During the vc change, the characteristic point of
„transition” to the range of HSC (where vcgr = 450÷600
m/min) was observed [9].
Research work [10] analysed, inter alia, the values
and amplitudes of the cutting force Fx. The machining
carried out as a part of the test was conducted with three
types of milling cutters (two monolithic tools with highspeed steel or cemented carbide, and an indexable
milling cutter R390-020B20-11L). The workpiece
material was EN AlSi2lCuNi aluminium alloy. In tests it
was determined that machining with the indexable tool
was characterised by the highest increase in the cutting
forces and their amplitudes. Such phenomenon is highly
undesired in milling as it has a detrimental effect on tool
life, machine tool life and machined surface quality. The
study showed that machining performed with the
cemented carbide tool exhibited superior quality in
comparison with the other cutting solutions. Lower
cutting force observed in that case resulted from lower
cutting resistance (“sharp” tool geometry).
The indexable tool generated comparable cutting
forces to that of the high-speed steel cutter. Moreover,
when milling with an indexable tool the amplitude of the
cutting force Fx, which is an important indicator of
stability in milling, was by far the highest among the
tested tools. This predominantly results from the
unfavourable cutting edge geometry of the milling tool

in question, low contact angles and helix angle (λs = 5°).
Such parameters are highly undesired in machining as
they generate instability and resulting increase in the
amplitudes of the cutting forces.
In AZ91HP alloy milling with PCD cutter and in the
presence of cutting fluid cutting forces assume low
values and grow linearly with the increase of feed.
Lower cutting forces translate into smaller tendency of
tools to overheat (smaller coefficient of friction at a toolworkpiece interface). What can be observed along with
lower cutting forces, especially as far as small cross-section
of a machined layer is concerned, is a significantly lower
temperature in the cutting area [6].
The arguments presented in the preceding paragraphs
show that there are numerous factors that contribute to
the total cutting force. The character of relationships
between them is frequently non-linear, therefore we may
observe a growing interest in modelling machining
processes by means of mathematical methods of analysis
[1, 11], or artificial intelligence [12].
The main purpose of milling modelling is prediction
of non-linear technological processes. Its analysis can
contribute to the creation of a system which could
support decision-making processes in an enterprise (for
instance through optimisation of milling process
focusing on the selection of suitable technological
parameters of machining).
For the purpose of cutting force components
simulation, artificial neural network was used. The
applied software was Statistica. During testing, two
networks were scrutinised: RBF (Radial Basis Function)
and MLP (Multi-Layered Perceptron) [13]. The authors
of the work showed a simple model of milling process of
two changeable machining parameters, cutting speed vc
and feed per tooth fz, whereas the remaining machining
parameters were fixed (axial depth of cut ap, radial depth
of cut ae and helix angle λs). The obtained model enables
testing different cutting speed vc and feed per tooth fz
settings without the need for conducting any additional
milling tests. In [14] the cutting force prediction model
for circular end milling process was employed to analyse
the curvature effects of tool path on chip thickness, along
with the impact of entry and exit angles. Experimental
results showed a good fit of measured and simulated
results.
The presented brief review of selected literature in
the field shows that analysis of cutting forces is of great
importance to effects of milling processes.
Simultaneously, the results of numerical simulation
enable prediction of processes of a non-linear nature.
Simulation of such processes may prove particularly
significant when optimal process parameters are required
in the face of a limited amount of input data available.

3 Methodology, aim of study and research
subject
The workpiece material tested in the presented study was
AZ91D magnesium alloy, whose high mechanical
properties and excellent corrosion resistance determine it
high applicability in different industrial applications.
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The chemical composition and properties of the alloy
under analysis are presented in Table 1.

- Fx – feed force Ff,
- Fy – normal to the feed force Ffn,
- Fz – reactive force Fp.

Table 1. Chemical composition and mechanical properties of
AZ91D magnesium alloy [15-17].
Al

8.95
9.11

Chemical composition of AZ91D [%]
Zn
Mn
Fe
Be
Si
Cu

0.77
0.79

0.20
0.24

0.0025 0.0009 0.025 0.0015
0.0027 0.00112 0.029 0.0021

4 Results of experimental tests and cutting
force modelling

Ni

0.00063
0.00078

The cutting forces Fx, Fy and Fz were measured
throughout the milling process of AZ91D magnesium
alloy with two tools of different helix angles λs (20°,
50°). Presented in Figs. 1-3 are the results of
measurements for constant feed per tooth fz = 0.15
mm/tooth and axial depth of cut ap = 6 mm. The results
are visualised with the whiskers and box plot, which
shows the maximum range of the cutting forces and the
difference between the minimum and maximum values.
In certain cases we may observe outliers and
extremes, which result from the increase in the cutting
forces on the cutting tool entry into and exit from the
workpiece.

Mechanical properties of AZ91D alloy
Tensile
Yield
Hardness
Elongation
Strength [MPa]
Strength
[HB]
[%]
(0.2%)
[MPa]
230
160
63
3
Physical properties of AZ91D alloy
Density
Melting Point
Thermal Conductivity
[g/cm3]
[W/mK]
[C]
1.81
533
72.3

The machining operations were carried out by means
of AVIA VMC 800 HS vertical machining centre
controlled by Heidenhain iTNC 530 control (power
25 kW, nmax up to 24000 rev./min and vf max up to
40 m/min).
Milling operations were carried out with the solid
carbide end mill with unequal helix angle, λs = 20° and
λs = 50°, diameter d = 16 mm, number of cutting teeth z
= 3. The cutting tool was mounted in the SECO
HSK63A SFD 16x120 tool holder with thermal shrinkfit technology. Before the tool holder was mounted in the
spindle they were balanced in CIMAT CMT-15V2N
balancing machine, balancing class G 2.5 at 25 000
rev./min according to ISO1940:2003, which allows to
have an unbalance of 1 g mm/kg. The unbalance in our
study was as follows: for the cutting tool with λs = 20° 0.42 g mm/kg, for the helix angle λs = 50° - 0.23 g
mm/kg. The cutting forces were measured with 927B
dynamometer by Kistler, operating in the range of 5kN  5kN, equipped with a charge amplifier 5017B and
LMS SCADAS Mobile SCM05 data acquisition hardware.
The range of changeable technological parameters of
machining in tests was as follows: cutting speed vc =
400÷1200 m/min, feed per tooth fz = 0.05÷0.3 mm/tooth,
axial depth of cut ap = 1÷6 mm. The radial depth of cut
parameter ae = 14 mm was constant in all milling
operations.
Given that the milling process is a type of network
design then the cutting forces Fx, Fy and Fz are output
units and cutting speed vc, feed per tooth fz and axial
depth of cut ap along with helix angle λs are input
variables. The presented network employs the black box
model, which ensures good performance on the training
set. The black box approach was selected as it was the
best to reflect the complex character of milling. Such
a model is implemented when it is difficult to determine
mathematical equations that would describe the analysed
process [13].
The cutting forces Fx, Fy and Fz are defined in the
dynamometer’s system of coordinates, and these
components have their counterparts in the coordinates
system of the machine tool [18]:

Fig. 1. Effect of cutting speed vc on the cutting force Fx, fz =
0.15 mm/tooth, ap = 6 mm.

Fig. 2. Effect of cutting speed vc on the cutting force Fy, fz =
0.15 mm/tooth, ap = 6 mm.
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Fig. 4. Artificial neural network architecture.

It was established that the obtained neural network
architecture should be simplest; hence, it contained one
hidden layer. The input layer consists of three neurons
(cutting speed vc, feed per tooth fz and axial depth of cut
ap), and the output layer is one neuron (a respective
cutting force component Fx, Fy or Fz). The number of
training epochs was defined experimentally in the range
of 100200, whereas the range of hidden neurons 110.
The MLP network was trained with the use of BFGS
(Broyden-Fletcher-Goldfarb-Shanno) technique. This is
one of the recommended network training techniques as
it offers the best performance in reducing the function to
a desired level. The implemented activation functions
were: linear, exponential, logistic and hyperbolic (tanh).
The networks were trained for the total of 17 machining
parameter sets. 80% of the results from milling test were
used as the training data set whereas the remaining 20%
built the validation set. Given the small number of data
sets, the test data set was omitted [19].
In each simulation 100 networks were trained and the
best three models were determined. The criteria for the
selection of the best networks were mentioned earlier
and included: training quality, validation quality, the
lowest training error. Network parameters for the
particular cutting forces Fx, Fy, Fz and the cutting tool
helix angle of λs = 20° in milling of AZ91D magnesium
alloy are collated in Table 2.
The analysis of the neural network architectures
indicates that the best network for modelling the cutting
force component Fx is network 2 (MLP 3-4-1 with
4 neutrons) as the training and validation quality
amounted to 99.98% and 98.57% respectively, and the
training error value amounted to approx. 14N. The best
network to model the cutting force Fy is network 1 (MLP
3-7-1 with 7 neutrons), and for the cutting force
component Fz it is network 2 (MLP 3-4-1 with
4 neutrons). The values of the cutting forces Fx, Fy and
Fz obtained from the neural network models depending on
cutting speed and feed per tooth are shown in Figs. 6-7.
The values of Fx increase with the increase of feed
per tooth fz decrease when cutting speed vc decreases.
The same relationship is observed for the cutting force
Fz. The lowest values of Fy are obtained when the
machining parameters are vc = 1200 [m/min] and fz =
0.050.15 [mm/tooth], and are within the range of
150200 N.

Fig. 3. Effect of cutting speed vc on the cutting force Fz, fz =
0.15 mm/tooth, ap = 6 mm.

The highest amplitude/range of the Fx (Fig. 1) is
observed in milling with the cutting speed of 800 m/min,
by means of the tool with helix angle λs equal to 20°,
which denotes the highest tool stability range. The
cutting force component Fy (Fig. 2) exhibits the highest
range at the cutting speed of 1000 m/min, when
machined with the cutting tool of helix angle of λs = 50°.
The cutting speeds which provide a better stability of
milling process are vc = 600 m/min and vc = 1200 m/min,
with milling cutter helix angle of λs = 20°. The reactive
cutting force Fz (Fig. 3) shows the highest amplitude at
vc = 1000 m/min, when machined with a cutting tool
with a helix angle λs = 50°. In the case of a lower helix
angle, λs = 20°, the range of the cutting force Fz
decreases with the decrease of cutting speed vc.
The comparison of both tools applied in the study
indicates that the cutting tool with a helix angle λs = 50°
generates higher cutting forces. Machining magnesium
alloys with this cutting tool is characterised by
decreasing cutting force components Fx, Fy, Fz at the
cutting speed of vc = 1200 m/min. In milling with this
type of tool this is the cutting force Fx which dominates.
In order to decrease the Fx the magnesium alloy
workpiece should be machined with the cutting speed vc
= 1200 m/min. The recommended range of feed per
tooth in the case is 0.150.3 [mm/tooth].
The cutting forces obtained from the milling of
AZ91D magnesium alloy provided the input data for the
artificial network simulation. The simulation was
conducted with Statistica Neural Network software using
MLP (Multi-Layered Perceptron).
The key parameters of a good fit of input/output data
are: training quality, validation quality and the training
error determined with the least squares method. The
simulations of the cutting forces Fx, Fy and Fz were
conducted for two tool cutting tool helix angles λs = 20°
and λs = 50°. As a result 6 models were obtained.
An example of the cutting force Fx simulation is shown
in Fig. 4. The network architecture for other cutting
force components models is analogical, and the produced
output of the network is the corresponding cutting force.
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Table 2. Parameters of the best MLP networks for particular
cutting forces, cutting tool helix angle λs = 20°.
Feed force Fx
Id.

1

2

3

Network name
Quality (training)
[%]
Quality (validation)
[%]
Error (training)

MLP 3-4-1

MLP 3-4-1

MLP 3-8-1

99.99

99.98

99.97

91.1

98.57

93.8

12.87

13.58

22.12

Activation (hidden)

Logistic

Logistic

Exponential

Activation (output)

Exponential

Tanh

Logistic

Normal to the feed force Fy
Id.

1

2

3

Network name
Quality (training)
[%]
Quality (validation)
[%]
Error (training)

MLP 3-7-1

MLP 3-5-1

MLP 3-6-1

99.98

99.96

99.95

99.99

99.38

99.33

6.41

15.01

19.46

Activation (hidden)

Logistic

Logistic

Tanh

Logistic

Exponential

Logistic

Activation (output)

Fig. 6. Results of the cutting force Fy simulation for cutting tool
helix angle λs = 20, in the function of cutting speed vc and feed
per tooth fz, for the MLP 3-7-1 neural network architecture.

Reactive force Fz
Id.
Network name
Quality (training)
[%]
Quality (validation)
[%]
Error (training)

1

2

3

MLP 3-4-1

MLP 3-4-1

MLP 3-4-1

99.85

99.84

99.83

90.78

99.34

98.97

27.65

28.5

29.22

Activation (hidden)

Tanh

Logistic

Logistic

Activation (output)

Linear

Exponential

Tanh

Fig. 7. Results of the cutting force Fz simulation for cutting tool
helix angle λs = 20, in the function of cutting speed vc and feed
per tooth fz, for the MLP 3-4-1 neural network architecture.

The simulation of the cutting forces was also
conducted for the milling cutter helix angle λs = 50°.
The parameters of the best MLP networks for modelling
the cutting force components Fx, Fy and Fz are shown in
Table 3.
The best network with regards to the cutting force Fx
is network 1 (MLP 3-5-1 with 5 neutrons), as training
quality was 99,99% and validation quality 96.87%, the
training error was the lowest and was equal to 17.33 N.
The cutting force Fy is best modelled with network 1
(MLP 3-4-1 with 4 neutrons), with training quality of
99.99%. Although the validation quality is slightly lower
than in network 2, network 1 exhibits the lowest training
error, 3.69 N. In the case of the cutting force component

Fig. 5. Results of the cutting force Fx simulation for cutting
tool helix angle λs = 20, in the function of cutting speed vc and
feed per tooth fz, for the MLP 3-4-1 neural network
architecture.
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Fz the best parameters are shown by network 1 (MLP 34-1 with 4 neutrons). Predicted values of the cutting
forces for the milling cutter helix angle λs = 50° obtained
from the analysed neural networks are shown in Figs. 8-10.
Table 3. Parameters of the best MLP networks for particular
cutting forces, cutting tool helix angle λs = 50°.
Feed force Fx
Id.
1
2
3
Network name
MLP 3-5-1 MLP 3-4-1 MLP 3-5-1
Quality (training) [%]
99.99
99.99
99.98
Quality (validation)
[%]
96.87
93.56
72.44
Error (training)
17.33
19.12
30.21
Activation (hidden)
Tanh
Tanh
Tanh
Activation (output)
Linear
Logistic
Logistic
Normal to the feed force Fy
Id.
1
2
3
Network name
MLP 3-4-1 MLP 3-7-1 MLP 3-4-1
Quality (training) [%]
99.99
99.98
99.98
Quality (validation)
[%]
98.77
99.88
93.85
Error (training)
3.69
10.55
13.33
Activation (hidden)
Tanh
Exponential
Tanh
Activation (output)
Linear
Tanh
Linear
Reactive force Fz
Id.
1
2
3
Network name
MLP 3-4-1 MLP 3-5-1 MLP 3-4-1
Quality (training) [%]
99.98
99.97
99.97
Quality (validation)
[%]
99.29
74.24
82.47
Error (training)
22.76
25.4
29.24
Activation (hidden)
Tanh
Tanh
Tanh
Activation (output)
Tanh
Exponential
Tanh

Fig. 9. Results of the cutting force Fy simulation for cutting tool
helix angle λs = 50, in the function of cutting speed vc and feed
per tooth fz, for the MLP 3-4-1 neural network architecture.

Fig. 10. Results of the cutting force Fz simulation for cutting tool
helix angle λs = 50, in the function of cutting speed vc and feed
per tooth fz, for the MLP 3-4-1 neural network architecture.

To present the quality of simulated networks the
tables below collate the measured values of the cutting
force Fx with the values obtained from the networks, Fxp.
The results for the cutting tool helix angle λs = 20° are
show in Table 4, while for λs = 50° in Table 5.
Fig. 8. Results of the cutting force Fx simulation for cutting tool
helix angle λs = 50, in the function of cutting speed vc and feed
per tooth fz, for the MLP 3-5-1 neural network architecture.
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5 Summary and conclusions

Table 4. The cutting force Fx and the forecasted cutting
force Fxp for given scenarios, λs = 20° (Δ – absolute error, δ –
relative error).
vc
fz
[m/min] [ mm/tooth]
400
0.15
600
0.15
800
0.15
1000
0.15
1200
0.15
800
0.05
800
0.10
800
0.20
800
0.25
800
0.30

Fx
[N]
824.04
807.16
829.83
680.05
593.98
441.70
609.40
1114.5
1105.8
1100.6

The conducted analytical and experimental works lead to
the following general conclusions:
1. The change of each of the analysed technological
parameters: vc, fz and ap, and the milling cutter helix
angle affect the cutting force components. The feed force
Fx dominates over other cutting forces.
2. Higher stability and productiveness of milling, as well
as lower cutting forces in milling are obtained when
machining with a mill cutter of helix angle λs = 20°. The
tool λs = 50° generated higher cutting forces.
3. Simulations of the cutting forces and errors of
forecasted data in reference to the actual values
measured in tests show that the error for both cutting tool
helix angles is within the acceptable range of error. The
error for the tool λs = 20° is lower than for λs = 50°,
however the value of error in either of the cases does not
exceed 15%.
4. Simulations by means of artificial neural networks
enable initial specification of particular technological
parameters and forecasted values of the cutting forces in
milling.
5. The non-linear relationships between technological
parameters and the cutting forces represented by means
of neural networks may be used to calculate optimal
results of machining, without the need for labourintensive and time-consuming machining tests, which
often require conducting costly actual milling operations.
6. A high-precision tool may be devised for modelling
phenomena occurring in milling under conditions of
incomplete data. The simulation may constitute an important
decision-making tool in specifying technological parameters
in machine and device component milling applications.
7. Establishing initial machining parameters of milling
and forecasted values of the cutting forces by means of
artificial neural network simulations increases the
productivity and efficiency of the production process,
and generates considerable material savings.
8. Artificial neural networks enable the “transfer” from
discrete data (input data from the cutting force
measurements in milling) to continuous data
(simulations enable building diagrams in the form of
response surface).

Fxp
Δ
δ
[N]
824.53 0.49 0.06%
807.39 0.23 0.03%
841.65 11.82 1.42%
684.28 4.23 0.62%
592.13 1.86 0.31%
443.1 1.38 0.31%
619.5 10.11 1.66%
1115.5 0.96 0.09%
1105.6 0.25 0.02%
1100.3 0.36 0.03%

Table 5. The cutting force Fx and the forecasted cutting force
Fxp for given scenarios, λs = 50° (Δ – absolute error, δ –
relative error).
vc
fz
[m/min] [ mm/tooth]
400
0.15
600
0.15
800
0.15
1000
0.15
1200
0.15
800
0.05
800
0.10
800
0.20
800
0.25
800
0.30

Fx[N]

Fx p [N]

Δ

δ

910.14
901.97
1176.3
996.61
581.57
800.04
1208.5
1862.6
1913.7
1321.1

920.60 10.46 1.15%
890.29 11.68 1.29%
1176.1 0.15
0.01%
860.48 136.13 13.66%
581.75 0.17
0.03%
800.38 0.34
0.04%
1356.5 148.05 12.25%
1861.4 1.20
0.06%
1912.1 1.65
0.09%
1321.4 0.26
0.02%

The error of the forecasted data with reference to the
actual values of the cutting force Fx, for cutting tool
angle helix λs = 20°, is within the range of 0.02% 
1.66%, and for helix angle λs = 50° the range is 0.02% 
13.66%. The analysis of other cutting forces was also
performed; the error of the forecasted data referred to the
actual values of the cutting force component Fy and Fz,
for cutting tool angle helix λs = 20° is within the range of
0.11%  4.44%, and 0.19% and 7.59% respectively;
while for helix angle λs = 50°, the cutting force Fy is
between 0.17%  8.04%, and Fz – 0.002%  6.26%.
Simulation results exhibit acceptable error, below
15%. Therefore, the artificial neural network appears to
be an excellent solution for simulation of e.g. the cutting
forces in milling. It is possible to build effective models
of the cutting force components provided that the
machining process is properly characterised with such
data as machining parameters
These observations imply that artificial neural
networks exhibit great potential for non-linear machining
processes prediction, such as milling. The presented
analysis could be applied to determining the optimal set
of parameters and to generate desired cutting forces in
milling and provide characteristics of the process
without the need for a number of technological tests.
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