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ABTRACT

In this study, the effects of different chip breaker forms and cutting parameters on the surface roughness on machined surfaces
were investigated experimentally in turning of AISI 1050 steel; and values of surface roughness obtained from experiments were
determined with empirical equations using artificial neural networks. The utilizing of ANN was offered to determine the surface
roughness depending on chip breaker forms and cutting parameters of AISI 1050 steel. The back propagation learning algorithm
and fermi transfer function were used in artificial neural network. Experimental measurements data were employed as training
and test data in order to train the neural network created. The best fitting training data set was attained with ten neurons in two
hidden layers 6 of which were at first hidden layer and 4 of which were at second hidden layer, making it possible to predict
surface roughness with precision at least as good as that of the experimental error over the entire experimental range. After
network training, R? value was found as 0.978, and average error as 0.018%. When the results of mathematical modelling are
examined, the computed surface roughness is observed to be apparently within acceptable values.
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Tornalama Operasyonlarinda Farkli Talas Kirici
Formlarinin Yiizey Piiriizliiliigii Uzerinde Etkilerinin
Yapay Sinir Aglar1 Kullanilarak Modellenmesi

0z

Bu ¢alismada, AISI 1050 g¢eliginin tornalanmasinda, farkli talas kirict formlarmin ve kesme parametrelerinin islenmis
yiizeylerdeki yiizey piiriizliliigii {izerinde etkileri deneysel olarak arastirtlmis ve deneylerden elde edilen yiizey puriizliilik
degerleri yapay sinir aglart kullanilarak ampirik esitlikler ile belirlenmistir. AIST 1050 ¢eliginin talas kiric1 formlarina ve kesme
parametrelerine bagli olarak yiizey piirtizliligiinii belirlemek i¢in yapay sinir aglarin kullanimi 6nerilmistir. Yapay sinir aginda
geri yayilim 6grenme algoritmasi ve fermi transfer fonksiyonu kullanilmigtir. Olusturulan sinir agin1 egitmek amaciyla egitim ve
test verisi olarak deneysel 6l¢tim verileri uygulanmustir. Biitiin deneysel aralik iizerinde yiizey piiriizliligiini en iyi hassasiyet ile
tahmin etmek i¢in, en uygun egitim veri seti, miimkiin olduk¢a deneysel hatanin en az oldugu, on néronlu iki gizli katmanl ilk
gizli katmaninda 6, ikinci gizli katmanda 4 néron ile elde edilmistir. Ag egitildikten sonra, R? degeri; 0.978 ve ortalama hata
degeri; 0.018% olarak bulunmustur. Matematiksel modellemenin sonuglar1 incelendiginde, hesaplanan yiizey piiriizliiliigiiniin
acik bir sekilde kabul edilebilir degerler igerisinde oldugu goriilmiistiir.

Anahtar kelimeler: Talas Kirici1 Formlari, Yiizey Piiriizliiliigii, Yapay Sinir Aglar1 (YSA), Tornalama

1. INTRODUCTION (GIRIS) breaker form, etc.). One of the most important

Surface roughness has been one of the most significant ~ Parameters constituting cutting tool geometry is chip
criteria in numerous mechanical products in many areas, ~ Preaker forms. The most common method for chip
and had great significance in the assessment of DPreaking is the use of chip breakers on the cutting tools.
machining accuracy. The surface roughness in a turning ~ Chip breakers can be utilized for increasing chip
operation is directly influenced from cutting parameters ~ breakability which results in efficient chip control and
(feed rate, cutting speed, depth of cut) and by cutting advanced productivity. Cutting resistance is lowered

tool geometry (cutting edge form, nose radius, chip and the workpiece is given a better surface finish by
chip breakers. Of different process parameters, surface

Z_S’gsrt”a’m‘d;efiizsgu§Efzrgzgm‘;:‘g dﬁ”ttrhor) finish is the most significant factor determining the
Digital Object Identifier (DOI) : 10.2339/2016.19.1 71-83 quality of a workpiece. Thus the measurement of
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surface roughness is a very crucial stage in metal
cutting.

By a number of researchers, Mathematical models have
been developed to estimate the surface roughness.
Palanikumara at al. [1] analysed surface roughness in
turning of FRP tubes by PCD tool, they developed
empirical models correlating the surface roughness with
cutting parameters such as feed rate and cutting speed.
Cakir at al. [2] evaluated a mathematical modelling by
examining the effects of cutting parameters and
different coating material on predicting surface
roughness. Also, they revealed that among the cutting
parameters followed by cutting speed, feed rate has the
most significant influence. Abouelatte at al. [3]
predicted that surface roughness depends on tool
vibrations and cutting parameters in turning. They
utilized four models in order to foresee the surface
roughness together with the tool vibrations and cutting
parameters. The attained results are quite accurate and
appropriate for predicting surface roughness. Lin at al.
[4], comparing a few Mathematical models, modelled
cutting force and surface roughness for turning and
established the best model among them. Lalwani at al.
[5] developed a model by investigating the effect of
cutting parameters on cutting forces and surface
roughness in finish hard turning. In their surface
roughness model, the feed rate ensures primary help and
exhibits most significant affect.

The development of neurobiology has permitted
scientists to setup Mathematical models of neurons to
simulate neural behaviour. Approaches of Artificial
Neural Network (ANN) have been renowned types of
evaluation calculation methods for the last decades.
ANNs are good alternatives to conventional empirical
modelling depending on polynomial and linear
regressions in the field of process engineering [6]. ANN
has already been implemented to different fields by
numerous researchers [7-11]. Furthermore, in order to
estimate the surface roughness of machined workpieces
under different machining and cutting conditions, ANN
models were used by a number of researchers. Kim et
al. [12] assessed the performance of commercial chip
breakers, after he used a neural network that was trained
by means of the backpropagation algorithm. Crucial
element forms (land, breadth, radius, etc.) directly
affecting the chip formations were selected among the
commercial chip breakers and were employed as input
values of the neural network. Consequently, Kim et al.
bettered the performance assessment method and put it
into practices it to mercantile cutting tools, resulting in a
significant performance. In his study, Karayel [13]
submitted an ANN approach for estimation and control
of surface roughness. ANN can generate a correct
relationship between surface roughness and cutting
parameters. Accordingly, ANN can be employed for
modelling surface roughness so as to estimate real
approximate values before the stage of machining.
Ezugwua et al. [14] improved an ANN model for the
analysis and estimation of the relationship between
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cutting and processing parameters during high-speed
turning. With the contribution of the neural model, a
good performance was obtained with correlation
coefficient between model estimation and empirical
values. Ranganathan et al. [15] developed an ANN,
predicting surface roughness of the machined
workpiece. The most significant parameter to decide on
surface roughness is the combination of feed rate and
cutting speed, however the depth of cut is the least
important parameter to estimate surface roughness of
the machined surface. They observed a good coherence
between the experimental results and predictive models.
Venkata Rao at al. [16] employed the ANN to estimate
surface roughness, tool wear and amplitude of
workpiece vibration. The trained ANN was used to
estimate surface roughness, tool wear and workpiece
vibration. It was found that there is coherence between
experimental data and estimated values. The estimated
values were compared with the collected experimental
data and percentage error was calculated. Kumar and
Chauhan [17] developed ANN model which can be
employed to analyse the influences of the chosen
process parameters on surface roughness. It is apparent
from the analysis that feed rate has important
contributions. Natarjan at al. [18] developed an ANN
model by means of feed-forward back-propagation
network method to estimate surface roughness. The
surface roughness could be effectively estimated by
employing feed rate, cutting speed and depth of cut as
input parameters. Taking the individual parameters, into
consideration, they found that feed rate was the most
effective parameter, followed by cutting speed and
depth of cut. Nalbant et al. [19] modelled the
experimental study of the effects of coated and uncoated
inserts and cutting parameters on surface roughness
through ANN. ANN might be employed as a good
alternative in analysing the influences of processing
parameters and cutting tool geometry on the average
surface roughness. Soleimanimehr at al. [20] employed
neural networks to estimate surface roughness and
machining force in turning. The test of the trained
networks displayed good coherence existing between
their estimations and the experimental results. Paulo
Davim at al. [21] studied the effect of cutting
parameters by ANN models for predicting surface
roughness in turning. Among cutting parameters, both
cutting speed and feed rate are more important than
depth of cut on surface roughness.

In this paper, the effects of different chip breaker forms
and the variations in the cutting parameters (cutting
speed, feed rate and depth of cut) on the surface
roughness in turning of AISI 1050 steel was
investigated [22, 23]. The purpose of the study proposes
a new approach based on artificial neural networks
(ANNs) to determine the effects of different chip
breaker forms on the surface roughness in machining of
AISI 1050 with empirical equation. The empirical
equation with high accuracy is obtained by ANN using
experimental data obtained from experimental studies.
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2. MATERIAL AND METHODS (MATERYAL

VE YONTEM)
2.1. Experimental Study (Deneysel Caligma)
In the tests, workpiece material of AISI 1050 (DIN
1.1210) is mostly employed in manufacturing. The
chemical composition of AISI 1050 steel obtained by
spectral analysis is shown in Tablel.

experiments are shown in Table 4. JOHNFORD T35
CNC Lathe was used in the tests.

Table 1: The chemical composition of AISI 1050 steel (AISI 1050 Celigin kimyasal bilegimi)

% C %Si %Mn %P %S %Cr
0,430 0,212 0,730 0,0197 0,0390 0,0776
%Mo %Ni %Al %Co %Cu %Fe
0,00752 0,0972 0,0110 0,00603 0,297 98,06

As specified by 1SO 3685, SNMG 120408R inserts and
PSBNR 2525M12 tool holder having 75° approaching
angle were utilized in the experiments. Five groups of
chip breaker forms were also utilized in the
experiments. The chip breaker forms are STD, MS, GH,
SA and MA of Mitsubishi Co. [24]. These inserts are
Mitsubishi UC6010 coated grade corresponding to 1SO
P15 grade. The geometry of the chip breaker being sold
by Mitsubishi is illustrated in Table 2. and Figure 1.
Though chip breakability can be expressed by various
parameters, the study, chip breakability was assessed by
two shape elements such as lengths and angles, which
were the most significant elements affected during chip
breaking. Technical specifications of cutting tools are
presented in Table 3. [24].

Table 4. Levels of input parameters (Girdi parametre
seviyeleri)

Cutting speed, V 150 — 200 — 250 — 300 - 350

(m/min)

0,15-0,25-0,35
16-25

Feed rate, f (mm/rev)

Depth of cut, a (mm)

Average surface roughness (Ra) was measured using
“Mabhr-Perthometer M1” a surface roughness measuring
device. The measurements were repeated three times in
5.6 mm sample length and arithmetic averages were
taken. 30 tests were fulfilled for each chip breaker form.

Table 2. Chip breakers could be determined shape elements (Talas kiricilarin geometrik dzelliklerinin belirlenmesi)

Chip breaker Type

Shape elements (Lengths () and Angels (o)) for determined chip breaker

0y 6 a 6 a3
STD 0° 0.25 15° 1.05 15°
MS 15° 0.50 25° 0.95 25°
GH 0° 0.32 18° 2.48 25°
SA 10° 0.30 25° 0.57 35°
MA 6° 0.2 22° 0.9 30°
Tablo 3. Technical specifications of cutting tools used for the tests (Deneylerde kullanilan kesici takimlarin teknik
ozellikleri)
Grade Hardness Torsional Coated Coating Layer
(HRA) Strength Method " ;
(Gpa) Composition Thickness
uC6010 90,5 2,0 CvD Three layer TiCN-AI,Os- Thick

TiN

Machining tests were performed by using five levels of
cutting speeds, three levels of feed rate and two levels
of cut depth. The cutting parameters used in the

A total of 150 experiments were fulfilled with dry
condition using new (unused) inserts in the tests. The
unvarying/stable surface roughness values were
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determined after whole machining was done, and
decided on the surface roughness values for each test.

output data. Moreover, it can constantly retrain the new
data, so that it will suitably be able to adapt to novel

Figure 1. The cutting tools used for the tests and their chip breaker forms [24] (Deneylerde kullanilan kesici takimlar ve talag

kirc1 formlari)

2.2. Mathematical Modelling: Artificial Neural
Network (Matematiksel Modelleme: Yapay Sinir
Aglar1)

Artificial neural networks (ANN) have been used

widely in numerous application fields. Researchers have

been applying the ANN technique in a successful way
to different fields and many others such as economics,
engineering, mathematics and medicine. ANNs have
been trained to accomplish the limitations of the
traditional approaches and to work out complex
problems. ANNs have been utilized for a number of
purposes for example optimization, data compression,
multi-sensor data fusion, classification, forecasting,
speech, pattern recognition, vision, etc. Today, ANNs
have been trained to figure out complicated problems

that are challenging for traditional approaches [25].

ANNs have resolved the limitations the traditional

approaches by extracting sought after information

utilizing input data. Such as specific equation form is
not need by ANN. However, it needs adequate input-
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data. ANN has been studied to cope with the problems
related to incomplete or imprecise information [26].

The advantages of ANNs are rapidity, simplicity and
capacity for learning out of examples when compared
with classical methods. Therefore, engineering effort
can be reduced in these fields. These can be learned
from examples and be dealt with non-linear problems.
In addition, they display robustness and fault tolerance.
The tasks that ANNs cannot process influentially are
those necessitating high correctness and precision as in
logic and arithmetic [27].

A significant phase of a neural network is the training
step, where an input is introduced to the network with
the required output and the weights are regulated so that
the network attempts can generate the required output.
The weights, after training, include meaningful
information, while before training, they are haphazard
and do not have any meaning. If it reaches an adequate
level, training terminates and the network utilizes the
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weights to take decisions to determine patterns or to
define relations in test data [28].

There are various learning algorithms. One of the most
significant  algorithms is the back-propagation
algorithm, having different variants. Standard back-
propagation is a gradient descent algorithm. It is very
challenging to know which training algorithm will be
the quickest one for a submitted problem.

ANN with back-propagation algorithm learns by
alternating the weights, and these alterations are saved
as knowledge. Some statistical methods, essentially
RMS, R? cov, maximum error (%), average error (%)
values, were utilized for comparison. Error during the
learning is called as root-mean-squared (RMS), and
specified as follows [27]:

)

1/2
RMS= [(1/p)Z‘tj _OJ‘Z]
J

Also, absolute fraction of variance (R?) and coefficient
of variation in percent (cov) are stated as follows,
respectively:

Z(t,- _OJ)Z

R2=1- ‘j—r )
2.l
]
cov = RMS *100 (3)
Omean

where t is target value, o is output value, p is pattern,
and Omean IS the mean value of all output data. Input and
output layer are normalized in the range of (-1, 1) or (0,
1) [27].

3. RESULTS AND DISCUSSION (BULGULAR

VE TARTISMA)
3.1. Experimental Results (Deneysel Sonuglar)

The surface roughness Ra (um) values measured by
cutting tests according to change in different chip
breaker forms and alterations in cutting parameters
(cutting speed, feed rate and depth of cut) are shown in
Figure 2. Theoretically, surface roughness is a function
of feed rate and nose radius. But in practice; cutting
speed, cutting depth, cutting tool geometry (cutting edge
form, chip breaker form, etc.) and tool wear have
influence on surface roughness as well. When the
graphs in Figure 2. are studied, it is seen that surface
roughness Ra (um) values decreases with increasing a
certain cutting speed (from V=150 m/min to V=250
m/min) for all chip breaker forms. This situation is in
agreement with the literature [29-31]. Decreasing
surface roughness values by increasing the cutting speed
can be explained that it is easy for deformation process
to occur because of the increasing temperature at high
speeds. It is stated in built up edge theory that a rough
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surface is attained at lower cutting speed and a smooth
surface at higher speed. This phenomenon can be seen
on the cutting tool’s surface as a result of a low speed
machining process. By increasing not only cutting speed
but also feed rate, it has been stated by some researchers
that this built up edge occurrence could be eliminated
[32, 33]. However, when cutting speed was increased
(from V=250 m/min to V=350 m/min) for all of the chip
breaker forms, the surface roughness values were first
observed to be on increase then again on decrease, a
declining trend. This situation can be explained by
higher cutting speed, above the range recommended by
the producer for these cutting tools [24]. When speed
limits were exceeded, the cutting tools were expected to
wear faster, which has negative impact on surface
quality. In the experiment, the best surface quality could
achieved with V=150, 200 m/min, f=0,15 mm/rev and
a=1,6 mm with cutting tool having SA chip breaker
form. SA chip breaker form gave the best results with
these parameters, which is suggested for light cutting by
manufacturer [24]. Generally, the highest surface
roughness values were obtained for the tool having the
MA and GH chip breaker type while the lowest surface
roughness values were obtained for the tool having the
MS chip breaker type. In this situation, it can be
explained that excellent surface quality can be obtained
with MS chip breaker form which has a sharp cutting
edge and because the place where MA chip breaker
begins to break chip is smaller than other chip breaker
forms (Figure 1.).

For all chip breaker forms in the experiments, when the
surface quality is examined in terms of cutting depth,
increasing the cutting depth worsen the surface quality
for all cutting tools (Figure 2.). This result is expected
due to increasing chip cross-section. When the graphs in
Figure 2. are examined, the best effect on surface
quality depending on the feed rate can be seen that
surface roughness values increase with increasing feed
rate for all chip breaker types. In this case, a basic
theoretical model for surface roughness is approximated
by the following equation:

f 2
B 8xr,

max (4)
Where f is the feed rate, r, is the tool nose radius and
Rimax 1S maximum surface roughness. According to this
model, increasing surface roughness increases the feed
rate [34]. In cutting conditions where cutting speed is
250 m/min, feed rate is 0,15 mm/rev and cutting depth
is 1,6 mm; and the best surface quality values in cutting
conditions where cutting speed is 300 m/min, feed rate
is 0,35 mm/rev and cutting depth is 2,5 mm; and the
worst surface quality values are measured for all chip
breaker forms.



Hiiseyin GURBUZ, Adnan SOZEN, Ulvi SEKER / POLITEKNIK DERGISI, Politeknik Dergisi, 2016; 19 (1) : 71-83

b) a=2.5 mm

Figure 2. Variation of surface roughness (um) depending on chip breaker forms (Talas kirict formlarina bagl: olarak yiizey
piiriizliiliik (um) degisimleri)
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3.2. Results of Mathematical Analysis (Matematiksel
Analizlerin Sonuglari)

In Figure 3. the ANN structure is shown. Variant of the
algorithm utilized in the study is LM. Inputs and outputs
are normalized in (0, 1) range. Neurons in input layer do
not have any transfer function. Fermi transfer function
has been utilized. In the simplest form, products and
biases are simply outlined, after that it is transformed
through a transfer function to produce a consequence,
and ultimately the output value is obtained [35].

Five different chip breaker forms were used in the input

Cutting
Speed (CS)

Feed Rate
(FR)

4
Depth of |

Cut (DC)

X
NV AY Ve
N e

9 Q. v <X
& 7 A\ )(‘ ¢
Zo 0N
N KRN

 NN——e
XN ‘
AN . %3)"";7/ .

equations can be used for estimation of surface
roughness using different main cutting parameters.

1

SR

—4(1,055843F+1,13254F,+1,201490~-1,78221F, —0.5)

®)
Where; F; (i=1,2,...,4) can be calculated by Fermi
function as given Eq.6.

_1+e

Surface
Roughness
(SR)

First

Input Layer

Hidden Layer

~ ~— - ~—
Second Output Layer
Hidden Layer

Figure 3. ANN architecture with input and output parameters (Girdi ve ¢ikt1 parametreleri ile YSA mimarisi)

layer of the network. The surface roughness was in the
output layer. The basic parameters such as cutting
speed, feed rate and depth of cut were considered as
input for ANN. The neural network was designed with 8
input data and two hidden layers, the first of which had
6 neurons and second had 4 neurons, and the output
layer with 1 neuron. This structure is shown in Figure 3.

The new formulations dependent on main cutting
parameters for the outputs are given with Egs.5-7. The

Table 5. Constants M;; in Eq.7 (Esitlik 7°deki M;; sabitleri)

1

—4(N;~0.5) (6)

F =

1+e
Where; N; (i=1,2,...,4) can be calculated by Eq.7.
Ni=My;*L1+My*L2+Mg*L3+M,*L4+Ms;*L5+Mg;*L6

()
The constants (M) in Eq.7 are given in Table 5.

M N1 N2 N3 N4

1 0,171891 -0,289214 -1,497433 1,073023
2 0,068703 -0,369862 -0,398348 0,306286
3 0,62627 0,571017 0,012783 -6,298365
4 -0,248395 0,482941 0,461106 -3,724602
5 -0,306341 -0,342500 -3,931813 -0,254916
6 0,333525 -0,405640 0,359195 -0,324608
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Where; L; (i=1,2,...,6) can be calculated by Fermi  The constants (Cy) in EqQ.9 are given in Table 6.

function according to Eq.8. To be used in training data, Figure 4. presents the ANN
1 performances of determination of surface roughness. In

L = general perspective, according to the results obtained,
1 1 + e—4(Ki—0.5) (8) deviation of surface roughness between measurement

and prediction of ANN is negligible in the range of 0.1
Where; K; (i=1,2,...,6) can be calculated according to  (Figs. 5-10) for different chip breaker forms.

Eq.9.

Ki=Cpi*ay+ Cy* I+ Cgi* oy + Cgi * I + Cs a3 + Cy

* CS+C#*FR+Cg*DC 9)

Table 6. Constants C;;in Eq.9 (Esitlik. 9°daki Cj; sabitleri)

Ky K, Ks Ky Ks Ks

Cii -1,288310 0214114  -0,634474 1515728  0,262504  -3,407598
Cai 0,00001 0,000002  0,000015  0,0000012  0,0000023  0,000012
Cai 1,403666 3786108  1,074671  -1983599 3710879  1,346782
Cui -0,460162  0,839807  -0,530084  0,121980  -2,332993  -0,636907
Cs -0,394440  -6,378991  -1,114890  2,385003  0,952700  -0,661086
Cs 0637851  1,752643  0,269953  -0,960354  -2,880759  1,415238
o 0264350  -6,149504  -0,652018  -4,494210  -0,449337  0,439126
Cai -0,876865  -0,278050 1267351 0523114  -0,301040  1,364840

I

w

Experimental

N

SR

Figure 4. Comparison of the SRexperimenta 0ata and SRann (SReneyser VEri and SRann karsilastiriimasi)
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—®— MS (a=1,6)
—O— MS (a=1,6)anN
—A— MS (a=2,5)
‘ ~~ MS (a=2,5)ann

~

, —®— MA (a=1,6)
™ —© MA (a=1,6)xx
S~ — A MA (a=2,5)

s N A MA (a=2,5)ANN

Figure 6. Performance of ANN for chip breaker forms MA (MA Talas kirict formu i¢in ANN performanst)
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—®— GH (a=1,6)
—© GH (a=1,6)ann
—4— GH (a=2,5)
© GH (a=2,5)anN

Figure 7. Performance of ANN for chip breaker forms GH (GH Talas kiric1 formu igin ANN performansi)

—e— STD (a=1,6)

— 9 STD (a=1,6)ann

~— 4 STD (a=2,5)
. STD (a=2,5)an

€y 0.15 150 g (m/m"“)

Figure 8. Performance of ANN for chip breaker forms STD (STD Talas kirici formu igin ANN performansi)
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Figure 9. Performance of ANN for chip breaker forms SA (SA

As the SR values attained by ANN are approximate to
the actual values, they cannot be graphically shown
together. Accordingly, the following Eq.(8) has been
computed as deviation in values, and they have been
shown graphically.

SA (a=1,6)
SA (a=1,6)ann
SA (a=2,5)
SA (a=2,5)ann

Talas kirict formu igin ANN performansi)

dSR = SRmeasured = SRanN
SRMea’sured 8)

In general perspective, according to the results obtained,
dSR is in the range of £10% for all experiments as
shown with Figure 10.

0,3
0,2 * +
L 4
» + ‘*
0,1 “ * * S
*ot o | YR \ YR PP / .
£  Hoete, Lo 3 s ¢
o ‘ — ’ “I
A ’é I am‘rw‘ B 3@ 80 ﬁn 100 m‘:lzn* 130F 140% W0
o1 ? " ‘,. L * e “w ¢
‘ *
. ¢ Wt .
-0,2
-0,3

Mumbers of experiment

Figure 10. The deviations of surface roughness (Yiizey piiriizliiliik sapmalart)
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4. CONCLUSIONS (SONUCLAR)

The results of machining on the AISI 1050 workpiece
using different chip breaker forms and the results of
artificial neural network (ANN) model of the surface
roughness are as follows:

» The surface roughness Ra (um) values
increased with increasing depth of cut and feed
rate for all the chip breaker types.

» While improved surface quality was observed
by increased cutting speed up to 250 m/min,
the surface quality was gotten worsen after 250
m/min.

» Generally, the highest surface roughness values
on the chip breaker forms MA, the lowest
surface roughness values on the chip breaker
forms MS and SA were seen.

> In cutting conditions where cutting speed was
300 m/min, feed rate was 0,35 mm/rev and
cutting depth was 2,5 mm, the highest surface
roughness values and in cutting conditions
where cutting speed was 250 m/min, feed rate
was 0,15 mm/rev and cutting depth was 1,6
mm, and the lowest surface roughness values
were measured for all chip breaker forms.

» The results of validation and comparative study
indicate that the Artificial Neural Networks is
based on estimation technique for the surface
roughness values.

> A developed chip breaker forms tester with
ANN was applied to a commercial cutting tool
with different chip breaker forms and various
cutting conditions to predict the surface
roughness.
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