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ABSTRACT Cutting force is one of the most important criteria for evaluating machinability of 

workpieces. For this purpose, in present study, prediction of the cutting forces obtained by turning 

AISI 1050 steel with cryo-treated and untreated CVD-coated cutting inserts with artificial neural 

networks (ANN) was investigated. Machining parameters such as feed rate, cutting speed and 

conditions of cutting insert were selected. These parameters were used as input parameters while 

cutting force was used as output parameter. The employed ANN structure was chosen according 

to network type, training function, adaption learning function and performance function as feed-

forward back propagation, TRAINLM, LEARNGD and MSE, respectively. Thus, the estimation 

values of the cutting forces attained from ANN model during training and experimental values 

coincide perfectly with the regression lines, which make the R2 = 0.99874 in training. For this 

reason, cutting force was explained by ANN with an acceptable accuracy in this study.  
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1. INTRODUCTION 

The ANN has been applied to many areas such as prediction of cutting forces, surface roughness, 

vibration, tool wear, and tool temperature etc. The cutting force is one of the most important criteria for 

interpreting machinability of workpieces. Cutting parameters such as depth of cut, cutting speed, feed 

rate and tool toughness are the most effective parameters on the cutting forces [1-3], which are changed 

with heat treatment processes that applied cutting insert. Cryogenic heat treatment is one of them for 

improving cutting tool toughness. Therefore, deep cryogenic heat treatment is applied the CVD-coated 

cutting inserts.   Some studies on cutting forces are given below:  

Baday [4] investigated prediction of cutting force, obtained during turning AISI 1050 steel, which is 

applied heat treatment, by using ANN. In the ANN model, feed-forward back propagation as the network 

type, TRAINLM, BFGS and SCG as the training function, LEARNGD as the adaption learning function, 

one hidden layer with 10 to 15 neurons, was selected to obtain the best R2 result. Hanief et al. [5] studied 

modeling and prediction of cutting force, obtained from turning of red brass, by using ANN and 

regression analysis. They stated that the regression model is able to estimate the cutting force with high 

accuracy. Nevertheless, the estimation of ANN structure is much better than that of regression model. 

Gürbüz et al. [6] investigated the effect of cutting inserts with different chip breaker forms on cutting 

force and modeled them with mathematical formulizations. They analyzed cutting force with 10 

different mathematical models for different chip breaker forms. They mentioned that of the 

mathematical models, polynomial modeling was obtained with the best result, while with Fourier model, 

they obtained the worst results. Başak et al. [7] analyzed cutting force and surface roughness with 
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regression and ANOVA analyses. They observed that feed rate was the most significant parameter on 

surface roughness according to ANOVA analyses. They attained R2 = 94.6, 94.2% values for cutting 

force and surface roughness, respectively. Yağmur et al. [8] investigated cutting force during milling of 

carbon fiber reinforced composite materials via mathematical modeling and they evaluated it. They 

revealed that increasing cutting speed positively affected cutting forces. Furthermore, the effective 

parameters on cutting forces were analyzed according to the ANOVA.  Ulas et al. [9] studied prediction 

of cutting forces obtained during turning AISI 304 (Austenitic), AISI 420 (Martensitic) and AISI 2205 

(Duplex) stainless steels using ANN techniques. They found that prediction of cutting force with ANN 

and experimental data were very close to each other. Uzun et al. [10] examined the effect of mechanical 

properties of AISI 5140 steel on cutting forces, obtained during turning workpiece. They observed that 

when cutting speed increased, generally, cutting forces obviously decreased. Özkan et al. [11] examined 

the prediction of cutting forces attained from different cutting conditions during turning operation by 

using ANN model. They determined that the implemented ANN model was in good agreement with 

estimation of cutting forces. Kurt et al., [12] developed a mathematical model for estimation of cutting 

forces. Depending on cutting parameters such as depth of cut, feed rate, cutting speed, and rake angle 

of the chip breaker of cutting insert, they performed estimation of cutting forces by using regression 

analyses, which is a statistical analysis method. Jeyakumar et al. [13] investigated the impact of 

machining parameters such as feed rate, depth of cut, spindle speed and nose radius on the cutting force. 

They predicted cutting forces with response surface method considering machining parameters. They 

found that predicted and experimental cutting force values were in good agreement with each other.  

Kara et al. [14] utilized ANN in their study to predict the main cutting forces, which are orthogonally 

obtained from machining AISI 304 stainless steel. They received input parameters in ANN model such 

as feed rate, cutting speed and coating type. They found that the prediction of cutting force value with 

ANN and experimental values were in good agreement with each other. Asiltürk et al. [15] carried out 

the estimation of cutting forces by using ANN model in turning 4140 steel considering feed rate, cutting 

speed and depth of cut. They indicated that the implemented ANN model had good performance for 

prediction of cutting force.  

In the view of the literature, many researchers investigated prediction of cutting forces considering 

cutting parameters using ANN, mathematical model and experimental methods. However, prediction of 

cutting forces obtained from cryogenically heat-treated CVD-coating cutting insert has not been come 

across in the literature. For this purpose, in this study, prediction of cutting forces attained from 

machining AISI 1050 steel with CVD-coating insert by using ANN was investigated.  
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2. MATERIALS and METHOD 

In this study, workpiece material was chosen as AISI 1050 steel bar with a diameter of 60 mm, which 

was turned 1.5 mm depth of cut for longitudinal turning in this experimental. Cutting insert was selected 

as CVD coated WNMG with MP, which is medium chip breaker, for using generally medium carbon 

steel in machining. This cutting insert is given in Figure 1. Machining experiments were carried out on 

CNC turning machine in accordance with cutting parameters, which were specified depending on the 

knowledge of manufacturing procedures, which are advised as ideal conditions in medium carbon steel. 

Therefore, cutting speed was selected as 200, 220 and 240 m/min, and feed rates was selected as 0.1, 

0.2 and 0.3 mm/rev. The depth of cut was remained constant as 2 mm in the machining experiments. A 

new cutting insert was used in each machining experiment to obtain the same cutting condition. Main 

cutting force was measured using KISTLER Type 5070 dynamometer, which obtains three-component 

piezoelectric.  

 
Figure 1. CVD-coated WNMG-MP carbide turning insert 

2.1.  Deep Cryogenic Heat Treatment 

According to literature review, the holding time of cryogenic heat is attained 24 hours in terms of 

cutting tool wear [16, 17]. In this study, deep cryogenic heat treatment was subjected to CVD coated 

cutting insert in three stages: In first stage, cutting inserts were cooled down slowly at the temperature, 

which came down from room temperature to deep cryogenic treatment (-146 ⁰ C) in 2 hours. In the 

second stage, inserts were hold at -146 ⁰ C for soaking time namely for 24 hours and then brought back 

to room temperatures. Finally, they were tempered at 200 ⁰ C two times oscillating, which lasted for 2 

hours. All stages are shown in Figure 2. 

 
Figure 2. Deep cryogenic treatment cycle 
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3.   ANN MODEL 

Because of the fact that the ANN has a capability of solving nonlinear problems, it has been applied 

numerous fields for predictions used by researchers. Therefore, in present study, the ANN was employed 

to estimate cutting forces during turning AISI 1050 with cryo-treated and untreated CVD-coated cutting 

inserts. ANN methods are able to solve complex problems by using layers. Input layers were selected 

from cutting parameters such as cutting speed, feed rate and heat treatment condition of cutting insert 

while output layer was selected from cutting forces. Hidden layers received out of cutting speed, feed 

rate and cutting insert condition data with transfer function, which was selected as logsid transfer 

function, and balanced with bias weights. These transfer function types are given in Figure 3. Then, 

hidden layer data was transported to output layers. Finally, the result of cutting forces was computed by 

hidden layers and transferred to output layer by using transfer function,  chosen as purelin transfer 

function. The created ANN model is shown schematically in Figure 4. Generally, three transfer functions 

were used in ANN methods. The Created ANN properties are given in Table 1.  

Table 1. ANN properties 

Network Type Feed-forward back propagation 

Input data Cutting speed, feed rate, cutting insert condition 

Output data Cutting force 

Training function TRAINLM 

Adaption learning function LEARNGD 

Performance function MSE 

Number of layers  3 (1 input, 1 hidden and 1 output layer) 

 

 

a)                                        b) 

Figure 3. Transfer function a) Logsid b) Purelin 

Depending on the input parameters, the output parameter obtained from ANN structures is given in 

Fig. 4.  

 
Figure 4. ANN structure 



 

5 

 

Figure 5 shows the structure of ANN used in this experimental study. Because of the number of input 

and output parameters, input layer has three neurons and output layer has one neuron. Hidden layers 

have 10 neurons in ANN structure. Depending upon the selected parameters, the ANN structure was 

trained, and is given in Figure. 5.  

 

 

Figure 5. Neural Network Training  

 

4. RESULTS 

4.1. Results of Cutting Forces 

Figure 6-7 reflect cutting forces of deep cryogenic treated inserts and untreated inserts. It is known 

that the cutting forces measured during machining of workpiece were increased with increasing feed 

rate in all cutting inserts, which is shown in Figure 6-7. According to evaluation of cutting forces, 

cryogenic treated cutting insert is generally lower than untreated cutting insert. This case was clearly 

happened at high cutting speed. This situation explains that cutting insert, which was subjected to 

cryogenic heat treatment, improved hardness and toughness. Furthermore, cryogenically heat treatment 

brings the cutting tool steel in transformation of retained and homogenously carbide distribution at 

subzero temperature [18, 19].  
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Figure 6. Cutting forces obtained from cryogenically treated insert  

 

Figure 7. Cutting forces obtained from untreated insert  

4.1. Results of ANN  

The created ANN structure for predicting cutting forces was trained by Levenberg-Marquardt and 

evaluated by MSE (Mean Square Error). The result of the ANN structure in the study is shown in Figure 

8, 9 and 10. 

 
Figure 8. Neural Network Training Performance 
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Figure 8 shows the performance of ANN structure. The best validation performance is 11752.8556 

at epoch 2 in cycling 6 epochs. In prediction capacity of ANN structure, error capacity over passing  2 

epochs decreased so that the program ended in 2 epochs. Figure 9 depicts neural network training state 

for ANN. It shows values of gradient, mu and failure at epoch 6 ANN structure checked for validation 

at epoch 6. When epoch passed 1, the ANN structure stopped after validation 3.  

 

Figure 9. Neural Network Training State 

The structure of trained ANN results is presented in Figure 10. It can be clearly seen from Figure 10 

that R square of training, validation, test and all values are 0.99874, 0.98489, 0.99995 and 0.99575, 

respectively. It is said that the ANN structure estimation of all R square is enough to estimate the range 

from 0.9 to1. Consequently, the prediction values of cutting forces obtained from ANN structure during 

training and experimental values coincide completely with the regression lines, which make the R2 = 

0.99874 in training. Furthermore, all data were predicted in good agreement with each other. All 

predicted cutting forces are valid for the ANN structure.  
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Figure 10. Neural network training regression 

5. CONCLUSION 

In present paper, the implementation of ANN model for estimating cutting forces was utilized with 

turning of AISI 1050 steel by using different cutting parameters; and the following results were drawn 

from this experimental study:  

 The implemented ANN structure predicted outcomes of cutting forces, which were highly 

compatible values.  

 Values of R2 were attained from ANN structure as 0.99874, 0.98489, 0.99995 and 0.99575 for 

training, validation test and all, respectively. 

 The experimental and prediction of cutting forces with ANN were highly consistent with each 

other.  

 When the cutting speed was increased, cutting force decreased. However, when the feed rate 

was increased, cutting forces increase.  
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