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Abstract: Modelling and prediction of cutting forces in metal cutting is very important, due to their significant impacts on quality of 
machined surface, tool wear, self-excited vibrations, etc. However, accurate modelling of the cutting forces in high pressure jet assisted 
machining is not a simply task due to complex relations between many highly interlinked variables of cutting process influencing these 
forces. The objective of this study is to utilize two artificial intelligence methods, namely particle swarm optimization (PSO) and simulated 
annealing (SA), for prediction of the cutting forces components in high pressure jet assisted turning of carbon steel Ck45E. A study of effect 
of various process parameters including feed, cutting speed and depth of cut on the cutting forces was carried out. The results obtained from 
the PSO and SA based models were compared with experimental results for their performance. The analysis reveals that developed models 
are able to make accurate prediction of cutting forces by utilizing small sized training and testing datasets.  
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1. Introduction 
The knowledge of cutting forces developing in the machining 

processes under given cutting conditions is of great importance due 
to their significant impacts on tool wear, quality of machined 
surface, self-excited vibrations, power requirements of the machine 
tools, etc. There are various machining parameters affecting cutting 
forces, such as cutting speed, feed, depth of cut, cutting tool 
material, tool geometry, etc. This means it is extremely difficult to 
develop appropriate models for their estimation. The most 
frequently used predictive models are mathematical models based 
on the physics of the cutting process, the multiple regression 
technique and artificial intelligence (AI) techniques. Among them, 
methods based on AI have become the preferred trend as an 
accurate and powerful tool for prediction of different parameters of 
machining process, including cutting forces.   

Szecsi [1] presented an artificial neural networks (ANN) based 
approach for estimation of cutting forces, where physical properties 
of machined material, cutting tool geometry, cutting speed, and 
cutting feed were used as input parameters for training ANN. Lin et 
al. [2] developed an ANN model for prediction of cutting force and 
surface roughness using depth of cut, feed and cutting speed as 
input parameters. Luong and Spedding [3] developed ANN model 
for the prediction of machining performance in terms of cutting 
forces, surface finish, and tool life using the data from handbooks. 
Sharma et al. [4] analyzed cutting forces and surface roughness 
during turning at different cutting parameters such as approaching 
angle, speed, feed and depth of cut. The data obtained by 
experimentation was used construct model using ANN. Liu and 
Wang [5] developed ANN model for prediction of cutting forces in 
milling as a function of feed. Zuperl and Cus [6] proposed 
supervised ANN approach for on-line modelling of cutting forces in 
ball-end milling. Aykut and al. [7] developed ANN model for 
modeling cutting forces with three axes where ANN training has 
been performed using scaled conjugate gradient feed-forward back-
propagation algorithm. Amamou et al. [8] proposed improved ANN 
model for accurate prediction of specific normal and tangential 
grinding forces. Cica et al. [9] analyze the effects of three methods 
of cooling and lubricating: conventional (flooded), high pressure jet 
assisted machining, and minimal quantity lubrication on cutting 
forces and formulate ANN and ANFIS models for their estimation. 

The literature reveals that not much work is reported by 
modeling cutting forces in different cooling and lubricating 
conditions which have been applied in order to increase 
productivity of the machining process. Furthermore, a review of the 
literature shows that most work is reported on estimation of cutting 
forces using ANN. During the past two decades, high pressure jet 
assisted machining (HPJAM) technique is starting to be established 
as a method for improving the overall machining process 

performance. Among other methods of cooling and lubricating, 
HPJAM allows a better penetration of the fluid into the chip-tool 
and workpiece-tool interfaces, thus providing a better cooling effect 
and decreasing tool wear through lubrication of the contact areas 
[10-15]. The objective of this study is to analyze the effect 
machining parameters on cutting forces in high pressure jet assisted 
turning and formulate model for their estimation using two artificial 
intelligence methods, namely particle swarm optimization (PSO) 
and simulated annealing (SA). 

2. Experimental details 
Machining experiments have been carried out on the universal 

Boehringer lathe, fitted with a Hammelmann high pressure plunger 
pump for dosing of cooling and lubrication fluid in the cutting zone 
(Fig. 1). The pressure was set at p = 50 MPa and the flow rate at Q 
= 2 l/min. A standard sapphire orifice commonly used in water jet 
cutting applications with a diameter of d = 0.4 mm was installed at a 
distance of h = 30 mm from the tool cutting edge in order to assure 
its use in the core zone of the jet and to avoid variations in the 
diameter of the jet and the radial distribution of the pressure. The jet 
was directed normal to the cutting edge (ν = 90°), and ψ = 30° from 
clearance face at a low angle (about 5 to 6°) with the tool rake face. 
All experiments were carried out using cutting fluid with a 3% 
emulsion of vegetable oil. 

  
Fig. 1 High pressure cooling system (left) and jet set-up (right). 

The experiments were performed on machining carbon steel 
Ck45E. The tensile straight of this material is σ = 820 N/mm2, the 
modulus of elasticity is E = 2·105 MPa, and the hardness is 45 
HRC. The cylindrical bar specimen that is utilized in these 
experiments has dimensions 150x250 mm and is placed with its 
longitudinal axis aligned with the direction of feed. Cutting tool was 
SUMITOMO with carbide insert SNMG 1204 08 NMX with rake 
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angle 𝛾𝛾 = 10⁰, angle of inclination 𝜅𝜅 = 45⁰, and corner radius r = 0.8 
mm with a simple chip breaker. A PSDN 2525 M12 tool holder 
with an inclination angle of 45° was chosen.  

In this study, three levels of depth of cut (ap), four levels of feed 
(f), and three levels of cutting speed (vc) were used as the variables 
for cutting forces modeling (Table 1). In order to achieve an 
effective material removal process, the cutting speeds and feeds 
were set higher than recommended. With the machining parameters 
defined and according to their levels, in total 36 experiments were 
realized.  

Table 1: Design factors and their levels.  

Turning factor Levels 
I II III IV 

Depth of cut [mm] 1.5 2.0 2.5 - 
Feed [mm/rev] 0.224 0.280 0.355 0.400 

Cutting speed [m/min] 210 320 400 - 
The cutting force components (main cutting force Fc, feed force 

Ff and passive force Fp) were measured with a three-component 
dynamometer (Kistler 9259A) which was rigidly mounted on the 
lathe via a custom designed adapter for the tool holder so that 
cutting forces components could be accurately measured. The 
measurement chain further includes a charge amplifier (Kistler 
5001), a spectrum analyzer (HP3567A), and a PC for data 
acquisition and analysis. The schematic layout of the experimental 
setup is shown in Fig. 2. 

 
Fig. 2 Schematic layout of experimental setup. 

3. Analysis and discussion 
In this section the results of experimental research were 

presented in the appropriate format for making conclusions on the 
cutting process in conventional and high pressure cooling 
conditions. In order to studying in detail the effects of HPJAM 
method on machining performance, flows at conventional and 
HPJAM methods were selected to be equal (q = 2 l/min). Fig. 3 
shows the effect of the cutting speed, feed and depth of cut on 
cutting force components. The presented results are based on the 
cutting speed vc = 210 m/min. Fig. 3(a) indicate that method of 
cooling and lubricating has no significant influence on main cutting 
force, except for depth of cut ap = 1.5 mm. For this depth of cut, the 
largest values of main cutting forces were observed for 
conventional method of cooling and lubricating, except for feed f = 
0.4 mm/rev. Thus, it can be concluded that method of cooling and 
lubricating has a limited influence on the main cutting force and its 
impact depends on the used cutting parameters. From Fig. 3(b) it is 
obvious that HPJAM method in a certain percentage affect the value 
of feed force in all combinations of cutting parameters. Lower feed 
forces were generated for HPJAM method compared to 
conventional cooling and lubricating conditions. This can be 
explained by the reason that the access of the cutting fluid to the 
cutting area is easier, and therefore cooling and lubrication effect is 
much better through substantial reduction of the temperature in 
cutting zone. Thus, the friction coefficient between the tool and chip 
becomes lower in HPJAM method as compared to conventional 
machining. Finally, as it can be seen in Fig. 3(c), HPJAM method 
have certain impact on passive forces. As with the analysis of the 

feed forces, similar value changes in the passive forces were 
observed. 

 

 

 
Fig. 3 Effect of HPJAM and conventional method of cooling and lubricating 
on main cutting force (a), feed force (b), and passive force (c). 

4. PSO and SA based cutting force components 
modeling 

The particle swarm otpimization algorithm falls into the 
category of swarm intelligence algorithms and is a relatively new 
optimization technique originally introduced by Kennedy and 
Eberhart [16]. It was inspired by the social behaviour (i.e. collective 
behaviour) of bird flocking or fish schooling. The optimization 
process of a PSO algorithm begins with an initial population of 
random candidate solutions called particles which change their 
positions by moving around in the solutions space and searches for 
optima by updating various properties of the individuals in each 
generation. Each particle in the swarm is represented by the position 
vector of the particle, the velocity vector of the particle and the 
personal best position of the particle. In every iteration, the position 
of each particle is updated by following the two “best” values. The 
first one is the best solution (fitness) it has achieved so far (the 
fitness value is stored) and the second one is “best” value obtained 
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so far by any other particle in the population. In this way all the 
particles fly through search space toward personal and global best 
position a navigated way, at the same time exploring new areas by 
the stochastic mechanism in order to escape from local optima. 

Simulated annealing, initially presented by Kirkpatrick et al. 
[17], is one of the mostly studied random search technique for 
global optimization problem. As the name implies, basic idea of the 
technique originate from the analogy with the physical annealing 
process of metals. In this process a metal is heated up to the melting 
point and then slowly decreasing the temperature till the metal 
reaches its lowest energy state.  The algorithm starts with an initial 
point (starting temperature), which should be high enough to allow 
movement to almost any neighborhoods, hence reducing the 
possibility of acceptance of the worse point which in turn helps 
avoiding local minima. At each iteration of the SA algorithm, a new 
points are randomly generated in the neighborhood of the current 
point. The objective function of SA is energy of the system, and in 
general the aim of this algorithm is to find a minimum energy for a 
given system. The change of the objective function value between 
the new (adjacent) and the current state is computed.  If the 
objective function value of the new state is smaller, then new 
solution is better than the old, and this solution becomes the current 
solution from which the search continues. Moreover, in order to 
increase the objective function and avoid the local minimum, 
algorithm might with a certain probability accept the point that raise 
the objective function. As the annealing process proceeds, the 
temperature is reduced and with temperature decrease, the 
algorithm reduces the extent of its search to converge to optimal 
solution.  

In the last two decades, PSO and SA have been frequently used 
as an optimization algorithm and has been successfully applied to a 
wide range of applications, such as the scheduling of a flexible 
manufacturing systems, ANN training, supplier selection and 
ordering problem, etc. The focus of this study is to employ these 
two AI methods for prediction of the cutting forces components in 
turning carbon steel Ck45E under high pressure cooling conditions.  

For modelling purposes 29 instances were used, while 
remaining 7 were used for evaluation of model. As a modelled 
function, linear regression model for main cutting force (Eq. 1), 
feed force (Eq. 2) and passive force (Eq. 3) will be used. 

2
1 2 3 4 5 6c c pF C C f C v C a C f a C f= + ⋅ + ⋅ + ⋅ + ⋅ ⋅ + ⋅              (1) 

2
1 2 3 4 5 6f c pF C C f C v C a C f a C f= + ⋅ + ⋅ + ⋅ + ⋅ ⋅ + ⋅              (2) 

2
1 2 3 4 5 6p c pF C C f C v C a C f a C f= + ⋅ + ⋅ + ⋅ + ⋅ ⋅ + ⋅              (3) 

In this study, PSO and SA were employed to search for optimal 
values of coefficients C1, C2, C3, C4, C5, and C6, for which modelled 
equations will give the smallest deviation from experimentally 
obtained data. In both algorithms, a fitness function is required to 
solve an optimization problem. In this paper fitness function is 
defined by Eq. 4. 

29

1
100i i

i i

E M
E=

−
∆ = ⋅∑                                                           (4) 

where Ei are experimentally obtained values of the cutting force 
components and Mi are modeled value of these forces. In order to 
achieve the best performance of PSO and SA, a parametric study for 
determination of optimal set of parameters of these two algorithms 
was carried out. For PSO algorithm, the optimization process takes 
place with the values of cognitive attraction, social attraction, 
maximum number of generations and population size, while for SA 
algorithm initial temperature and reannealing interval were used as 
variables in the optimization process. 

5. Results and discussion 
Estimated values of coefficients C1, C2, C3, C4, C5, and C6, for 

main cutting force, feed force and passive force obtained using PSO 
and SA algorithm are given in Table 2. 

Table 2: Estimated values of coefficients for main cutting force, feed force 
and passive force obtained by PSO and SA. 

 Cutting force component 
Fc Ff Fp Fc Ff Fp 

C1 489.446 356.104 343.512 460.326 448.931 329.563 
C2 -2557.177 -1404.190 -1208.256 -2306.413 -1643.268 -1105.011 
C3 -0.158 -0.153 -0.023 -0.115 -0.198 -0.023 
C4 71.223 77.736 -4.667 47.099 58.333 -8.850 
C5 1692.790 445.371 433.629 1765.262 485.369 457.297 
C6 4371.285 1900.001 2029.079 3808.352 1993.955 1801.994 

In order to estimate the prediction capability of the developed 
PSO and SA models, or how well these models based on the given 
input values provides output parameters, errors were analyzed 
within the independent data set called testing dataset and results are 
shown in Fig. 4.  

 

 

 
Fig. 4 Experimental and predicted results for main cutting force (a), feed 
force (b), and passive force (c) for PSO and SA models. 

PSO and SA models were analyzed using the following 
parameters: mean absolute percent error (MAPE) and maximum 
absolute percent error (MaxAPE). In predicting of main cutting 
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force MAPE and MaxAPE for the PSO model were 1.0% and 1.6%, 
whereas for the SA model were 1.1% and 1.5%, respectively. For 
the PSO model MAPE and MaxAPE in estimation of feed force 
were 1.6% and 2.6%, while these values for SA model were 2.5% 
and 4.5%. Finally, in predicting of passive force MAPE and 
MaxAPE for the PSO model were 1.0% and 2.1%, whereas for the 
SA model were 0.9% and 1.9%, respectively. Hence, it is evident 
that there is good agreement between estimated and experimental 
values of cutting force components for developed PSO and SA 
models. 

6. Conclusions 
The main objective of this study has been to develop a robust 

models to predict cutting force components in Ck45E carbon steel 
turning under high pressure cooling environment using two 
different methodologies, namely, particle swarm optimization and 
simulated annealing, as a potential modeling techniques. PSO and 
SA models were developed for prediction of main cutting force, 
feed force and passive force as a function of cutting parameters 
such as feed, cutting speed and depth of cut. The experimental data 
36 set was collected out of which 29 datasets were utilized as a 
training data and the remaining 7 datasets as a testing data. The 
capability of the developed PSO and SA models were evaluated by 
comparing its results with experimentally determined values. The 
performance of the PSO model was found to be excellent with 99%, 
98.4% and 99 % accuracy for main cutting force, feed force and 
passive force, respectively. SA model has been also proved to be 
successful in terms of agreement with experimental results. This 
model predict the output with the 98.9%, 97.5% and 99.1% 
accuracy, for main cutting force, feed force and passive force, 
respectively.  

The results obtained from the proposed PSO and SA based 
approach prove its effectiveness. The proposed models can be used 
effectively to predict the cutting force components in turning 
process under high pressure cooling conditions. Models such as 
those developed in this study can be used in optimization of 
machining process and can aid in enabling appropriate adaptive 
control in machining. For future studies, experiments with a various 
parameters of the HPJAM technique, such as the pressure of the jet 
and the diameter of the nozzle, are recommended. Furthermore, 
future work should be extended with other ranges of speeds, feeds 
and depths of cut. 
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