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Abstract:Control of cutting zone temperature is of great importance during machining process because it affects 
tool life and surface quality. The objective of this study is development of a cutting zone temperature prediction 
model in high pressure jet assisted turning using artificial neural networks (ANN). ANN model is coupled with two 
different evolutionary algorithm, namely genetic algorithm (GA) and particle swarm optimization (PSO), in order to 
determine properly the weights and biases in each layer of neural network. The predicted cutting zone temperature 
values obtained from all developed ANN models were compared with the experimental data and the results are 
indicated. 
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Predikcija temperature rezanja kod obrade struganjem potpomognute mlazom SHP-a visokog pritiska 
korišćenjem veštačkih neuronskih mreža zasnovanim na evolucionim algoritmima.U obradnom procesu od 
velike je važnosti kontrola temperature rezanja, budući da ona direktno utiče na vijek trajanja alata i kvalitet 
obrađene površine. Cilj ovog rada je razvoj modela za predikciju temperature rezanja kod obrade struganjem 
potpomognute mlazom SHP-a visokog pritiska. U cilju optimalnog određivanja težinskih koeficijenata modela 
zasnovanog na vještačkim neuronskim mrežama koriste se dva evoluciona algoritma: genetski algoritam i algoritam 
optimizacije rojem čestica. Vrijednosti temperature rezanja dobijene razvijenim modelima poređene su sa 
eksperimentalnim podacima i naglašeni su najvažniji rezultati. 
Ključne reči:temperatura, neuronske mreže, evolucioni algoritmi 
 
1. INTRODUCTION 
 
 Numerous attempts have been made to determinate 
the cutting zone temperature, with different methods 
including experimental, analytical and numerical 
analysis. However, since machining processes are non-
linear and time-dependent, it is extremely difficult for 
classical methods to provide accurate predictive 
models. Recently, to address this difficulty, meta-
heuristic techniques such as artificial neural networks 
(ANN), fuzzy logic (FL), genetic algorithms (GA), 
particle swarm optimisation (PSO), ant colony 
optimization (ACO), etc. have been used by many 
researchers as a very popular choice in modelling of 
sophisticated phenomenons. Among these, due to 
properties such as universal function approximation, 
parallel distributed processing, good generalization 
capability, learning and adaptive behaviour, ANN are 
being preferred for prediction of the machining 
parameters as well as for the optimization of the 
machining process. 
 Various researchers have developed ANN 
predictive models for tool life, surface roughness and 
cuting forces as a function of process parameters. A 
detailed review of papers related to the monitoring of 
tool wear was presented by Bernhard [1]. Similar a 
very detailed review of  publications dealing with 
surface roughness modeling was presented by Pontes et 
al. [2]. However, there are only a few papers dealing 
with the implementation of ANN method for cutting 
zone temperature prediction. Adesta et al. [3] presents a 
ANN as an effective tool for modeling and predicting 

the cutting temperature in the CNC end milling 
process. Tanikic et al. [4] examine the possibility of 
using various ANN modelsin metal cutting temperature 
modelling. Wardle et al. [5] developed an ANN based 
system for controlling the temperature of internally 
cooled tools. Choudhurya and Bartaryab [6] focuses 
prediction of tool wear, surface finish and cutting zone 
temperature.  
 As can be seen from the literature review above, 
there have not been that much work on prediction of 
cutting zone temperature, especially in high-pressure 
jet assisted (HPJA) turning. In HPJA turning fluid 
allows a better penetration of the fluid into the chip-
tool and workpiece-tool interfaces, thus providing a 
better cooling effect and decrease in tool wear [7]. The 
objective of this study is to develop an ANN model that 
can be used successfully for accurate prediction of 
cutting zone temperature while performing turning 
operations under high pressure cooling conditions. 
Furthermore, present work intends to integrate ANN 
with two different evolutionary algorithm, namely 
genetic algorithm and particle swarm optimization, in 
order to determine properly the weights and biases in 
each layer of neural network. 
 
2. EXPERIMENTAL DESIGN AND SET-UP 
 
 The experimental work was carried out at the 
Laboratory for Machining, the Faculty of Mechanical 
Engineering in Ljubljana. The experiments were 
conducted in longitudinal turning process on 
conventional lathe, fitted with a high-pressure plunger 
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pump of 150 MPa pressure and 8 l/min capacity. The 
fluid used was the Vasco 5000 cooling lubricant from 
BlaserSwisslube Inc., a 5.5% emulsion without 
chlorine on the basis of vegetable oil mixed with water 
(pH 8.5-9.2). All experiments were carried out using 
the nickel based alloy Inconel 718 supplied as bars 
(145 mm diameter x 300 mm long) with hardness 
between 36 and 38 HRC. A PVD TiAlN-coated carbide 
tool (grade P25) SNMG 12 04 08-23 has been chosen.  
 An orthogonal array L27 has been used for design 
of experiments (DOE). The experiments were carried 
out for different combinations of following HPJA 
turning parameters at three levels (Table 1), while 
depth of cut ap = 2 mm was kept constant. Cutting zone 
temperature (T) was measured with a 
thermocoupledirectlyembeddedintheinsert.A 0.55 
mmdiameterholewasdrilledin 
thetoolusingEDMinordertoinsertathermocoupleof0.5 
mm diameter(Fig. 1). 
 

Levels 
Turning factor 

1 2 3 
Diameter of the nozzle Dn 

[mm] 
0.25 0.3 0.4 

Distance between the impact 
point of the jet and the cutting 

edge d [mm] 
0 1.5 3 

Pressure of the jet p [MPa] 50 90 130 
Cutting speed vc [m/min] 46 57 74 

Feed f [mm/o] 0.2 0.224 0.25 

Table 1. Design factors and their levels 

 

 
Fig. 1. Thermocouple embedded in the insert 

 
3. DEVELOPMENT OF PREDICTIVE MODELS 
 
3.1 ANN model 
 ANNs are distributed, adaptive, generally nonlinear 
non-linear mapping structures based on the function of 
the human brain. ANN are composed of a large number 
of highly connected neurons working in unison to solve 
specific problems. ANN models are specified in terms 
of three basic entities: models of the neurons 
themselves, models of synaptic interconnections and 
structures, and the training rules for updating the 
connecting weights. 
 The Multi-Layer Perceptrons (MLP) is the most 
popular arrangement of ANN wich can approximate 
virtually any function with any desired accuracy, 
provided that there are enough hidden neurons in the 
network and that a sufficient amount of data is 
available. These ANN usually consists of three layers: 
an input layer, a hidden layer and an output layer. The 
number of input neurons is typically determined to 
correspond to the dimension of the input vector. In 

these case we have five input variables: diameter of the 
nozzle, distance between the impact point of the jet and 
the cutting edge, pressure of the jet, cutting speed and 
feed. The number of neurons in the hidden layer can be 
varied based on the complexity of the problem. If this 
number is too small, the network is not able to learn 
and if it is too large, the ability of generalization ANN 
is lost. In this paper, number of neurons in the hidden 
layer was evaluated by mean absolute percent error 
(MAPE) and absolute fraction of variance between the 
experimental and the predicted values for every output 
nodes in respect of training the network. According to 
the evaluation results of various network structures, a 
network with 6 neurons in the hidden layer was 
determined as the optimal network. The number of 
neurons in output layer is equal to the number of 
functions being approximated by the model and in this 
case it is cutting zone temperature. The first step in 
developing ANN model is normalization of all the 
inputs and the desired outputs within the range of ±1. 
Then, the whole data are by the random method divided 
into two datasets: training dataset, and test data set.The 
training and test data sets consist of 18 and 9 data, 
respectively. Fig.2. shows neural network architecture 
used in this study. 
 

 
Fig. 2. Neural network architecture 
 
 Although there are numerous training algorithms 
depending on the type and architecture of ANN, the 
Back-Propagation (BP) algorithm is currently the most 
popular for performing supervised learning tasks. In BP 
algorithm the input pattern is propagated from the input 
to the output layer and it produces an actual output. 
Then the error signals resulting from any possible 
difference between the expected and actual outputs are 
back-propagated from the output to the previous layers 
for them to update their weights until the input layer is 
reached. The limitations of back-propagation neural 
network applied to nonlinear optimization problems is 
easy trapping in local optimization and also exhibit 
large errors when processing complicated nonlinear 
estimations. Instead of using gradient-based learning 
techniques to obtain the weights of neural network, one 
may apply evolutionary algorithms such as genetic 
algorithms and particle swarm optimization. The hybrid 
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neural network models are, namely, genetic algorithm-
based neural network (GA-NN) model and particle 
swarm optimization based neural network (PSO-NN) 
model. 
 
3.2 GA-ANN model 
 Evolutionary algorithms are quite young field of the 
study of computational systems based on the idea of 
natural evolution and adaptation. These algorithms are 
especially useful for complex optimization problems 
with a very large number of parameters and where the 
analytical solutions are difficult to obtain. Genetic 
algorithms are a particular category of evolutionary 
algorithms based on the mechanics of natural selection 
and natural genetics. The basic idea of GA is to 
maintain a population of chromosomes (representing 
candidate solutions to the concrete problem being 
solved) that evolves over time through a process of 
competition and controlled variation. GA is applied 
with its three genetic search operations, namely 
selection, crossover and mutation, to create a 
population of chromosomes with the purpose of 
improving the quality of chromosomes. Reproduction 
selects the copies of chromosomes proportionate to 
their fitness value, crossover operator is applied to the 
population to create better strings, while mutation is the 
random modification of chromosomes. 
 A synergism between ANN and GA, referred as 
evolutionary neural networks, has been recognized as a 
tool to increase performances of each technique. The 
hybrid GA-ANN is trained using genetic algorithm by 
adjusting its weights and biases in each layer. In this 
way, each string or chromosome in the population 
represents the weight and bias values of the ANN. The 
initial population is a set of N chromosome, which is 
generated randomly. A given set of chromosomes 
forms a population and at each generation every 
individual is evaluated according to its fitness value. 
The fitness function considered is the minimum of the 
mean squared error MSE and computed by recalling the 
network. After getting the fitness values of all 
chromosomes, they are ranked based on their fitness 
values and chromosomes with best fitness values in the 
population are selected by the reproduction operator for 
a second generation. In order to produce offspring 
parents are recombined. All offspring will be mutated 
with a certain probability and the fitness of the 
offspring is then computed. New offspring is combined 
with selected best population to produce a new 
population for the next generation. In the case that 
optimization criteria are not fulfilled, the creation of a 
another new population is created and parents are 
selected according to their fitness for the production of 
offspring. Described cycle is performed over and over 
again until the optimization criteria are reached or no 
variation of the best fitness is observed over a specified 
number of generations. 
 
3.3 PSO-ANN model 
 Particle Swarm Optimization is a relatively new 
evolutionary algorithm based on the social behavior of 

flocks of birds and schools of fish. PSO and GA have 
many similarities. Both algorithms start with a group of 
a randomly generated population. Furthermore, both 
algorithms have fitness values to evaluate and update 
the population. Finally, GA and PSO search for the 
optimum with random techniques. However, PSO does 
not have genetic operators like mutation and crossover. 
Also, PSO have significantly different information 
sharing mechanism. In GA chromosomes share 
information with each other, while in PSO only best 
gives out the information to others. 
 In PSO algorithm, each single solution is called a 
particle, which are initialized with a random position 
and search velocity. All particles have fitness values, 
which are evaluated by the fitness function to be 
optimized. These particles moving interactively 
through the feasible problem space by following the 
current optimum particles to find new solutions. The 
individuals best solution (global best or local best 
solution) is only reported for the other particles in a 
swarm, analogous to social interaction. In this way the 
global best is known to all the particles and the swarm 
tends to converge to the best solution quickly and 
efficiently. PSO algorithm terminates after a reaching 
the maximum iteration number or satisfaction of the 
minimum error condition.  In this paper, hybrid PSO-
ANN is trained using particle swarm optimization 
algorithm by adjusting its weights and biases in each 
layer that will minimize the error function. 
 
4. RESULTS AND DISCUSSION 
 
 In this section, the predicted values of proposed 
ANN, GA-ANN and PSO-ANN models are compared 
with the experimental data for the validation set of 
experiments. To predict cutting zone temperature, all 
models were developed with five inputs and one hidden 
layer having six neurons. Then, all three models were 
tested with the 9 test data points which were not used 
for the training process. Table 2. shows comparison in 
prediction of cutting zone temperature obtained using 
ANN, GA-ANN and PSO-ANN model for test data set. 
The mean absolute error (MAE) of ANN model in this 
testing process is 7.8%, which is considered a good 
agreement between the simulated outputs and the 
experimental results. However, the optimal results 
obtained using the GA-NN and PSO-NN models are 
even more accurate. The mean absolute error of GA-
ANN and PSO-ANN model for test data set were 4.3 
and 4.8%, respectively. Hence, a hybrid ANN models 
which combines a feed forward neural network and a 
evolutionary algorithms, namely genetic algorithm and 
particle swarm optimization, was put forward to 
improve precision and efficiency of the model. 
 The comparison of the predicted and the 
experimental values of cutting zone temperature for the 
test data sets are presented in Fig. 3. From the obtained 
results, it can be observed that the predicted values of 
all three models are close and follow almost the same 
trend as the experimental data. 
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Machining conditions ANN GA-ANN PSO-ANN 
No. 

Dn d p vc f 

Exp. 
value 
of T T 

Abs. 
error 

T 
Abs. 
error 

T 
Abs. 
error 

1. 0.25 0 130 74 0.25 127 137.8 8.5 131 3.1 120.5 5.1 
2. 0.25 1.5 130 74 0.224 134 130.3 2.8 127.4 4.9 133.7 0.2 
3. 0.25 3 130 74 0.2 117 111.7 4.5 122.9 5 128.4 9.7 
4. 0.3 0 130 46 0.25 135 125.7 6.9 131.7 2.4 142.2 5.3 
5. 0.3 1.5 130 46 0.224 119 108.9 8.5 128.5 8 120.9 1.6 
6. 0.3 3 130 46 0.2 129 110.9 14 124.5 3.5 117 9.3 
7. 0.4 0 130 57 0.25 127 112.5 11.4 130.4 2.7 121.5 4.3 
8. 0.4 1.5 130 57 0.224 130 113.8 12.5 126.8 2.5 123.4 5.1 
9. 0.4 3 130 57 0.2 114 112.7 1.1 121.8 6.8 116.5 2.2 

Table 2. Comparison in prediction of cutting zone temperature obtained using ANN, GA-ANN and PSO-ANN 
model for test data set 

 

 
Fig. 3. Comparsion of between predicted values and 

experimental results of cutting zone temperature 
 
5. CONCLUSIONS 
 
 The main objective of this study has been to 
develop a hybrid ANN models to predict cutting zone 
temperature in high-pressure jet assisted turning. The 
inputs parameters were: diameter of the nozzle, 
distance between the impact point of the jet and the 
cutting edge, pressure of the jet, cutting speed and feed. 
For the selected 5-6-1 ANN structure, which uses BP 
algorithm an good agreement has been found between 
predictions and experimental data for the 9 cutting 
conditions used as a test data. However, due to the 
limitations of BP neural networks, an effort was made 
to apply evolutionary computational techniques for 
determining the network weights. Hence, a two 
evolutionary techniques, named genetic algorithm and 
particle swarm optimisation, has been used instead of a 
back-propagation algorithm and it is proven that the 
experimental results matched better with the values 
predicted by proposed hybrid ANN methods. 
Furthermore, in addition to improving precision and 
efficiency of the model, hybrid ANN ensures a faster 
algorithm for training the desired neural network.   
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