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bstract

In this paper, a cutting force model for self-propelled rotary tool (SPRT) cutting force prediction using artificial neural networks (ANN) has
een introduced. The basis of this approach is to train and test the ANN model with cutting force samples of SPRT, from which their neurons
elations are gradually extracted out. Then, ANN cutting force model is achieved by obtaining all weights for each layer. The inputs to the model
onsist of cutting velocity V, feed rate f, depth of cut ap and tool inclination angle λ, while the outputs are composed of thrust force Fx, radial
orce Fy and main cutting force Fz. It significantly reduces the complexity of modeling for SPRT cutting force, and employs non-structure operator
arameters more conveniently. Considering the disadvantages of back propagation (BP) such as the convergence to local minima in the error space,

evelopments have been achieved by applying hybrid of genetic algorithm (GA) and BP algorithm hence improve the performance of the ANN
odel. Validity and efficiency of the model were verified through a variety of SPRT cutting samples from our experiment tested in the cutting force
odel. The performance of the hybrid of GA–BP cutting force model is fairly satisfactory.
2006 Elsevier B.V. All rights reserved.
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. Introduction

Material removal is one of the major and oldest shaping pro-
esses for the economic production of machine components.
ecause of the wide use of engineering materials and alloys

teels with high hardness in the aerospace industry, fast and
recise machining problems have attracted much attention in
anufacturing industries for over the last 30 years. Hence rapid

ailure of cutting tool leads to deterioration of the work piece
urface integrity, loss of geometrical tolerances and increase
f machining times. The machining time increase is due to
owntime in consequence of the exchanging and resetting of
utting tools furthermore reduction of tool life hence ultimately
ncreases of unit cost. In view of all these above-mentioned

achining problems, an attempt has been made to introduce

n effective machining method through development of a SPRT
ystem, which can overcome the machining barriers [1].
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In 1865, this concept was used in turning operation, then fol-
owed the pioneering work in 1960s [2] on metal cutting process
sing rotary tools from which finally conclusions that chip length
atio as high as two [3] could be achieved using rotary tools.
hereafter, Venuvinod and Rubenstein [4] presented a detailed
inematics analysis of chip formation for machining process
sing the rotary tools. And also Chen [5] studied cutting force
n machining of high-performance materials with self-propelled
otary tools. Consequently, many researchers have been attracted
y the cutting force parameters because of their importance to the
ool structure design and optimization, as well as the real-time
ontrol and compensation during the manufacturing processes
6,7].

A large number of parameters influence the cutting forces
uch as cutting velocity, feed rate, depth of cut, rake angle,
ose radius, cutting edge inclination angle, physical and chemi-
al characteristics of the machined part, chip breaker geometry,
tc.; therefore, it is a very difficult task to develop a proper cut-

ing force analytic model [8]. Although enormous data related
o cutting force is available in machining handbooks, most of
uch data defines the relationship between a few of the possible
utting parameters whilst keeping the other parameters fixed.

mailto:haows@sjtu.edu.cn
dx.doi.org/10.1016/j.jmatprotec.2006.04.123


24 W. Hao et al. / Journal of Materials Proce

S
f

2

l
i
a
o
h
c
c
c

t
S
i
c
r
t
a
i

F
f
t

t
a
t
a
p
a
n

3

d
f
f
t
a
t
o

3

a
[
c
e
i
v
p

Fig. 1. Mechanism of rotary turning action.

ubsequently this paper aims at developing a model of cutting
orce with the help of ANN.

. Analysis of SPRT cutting force

In the pioneering work, Shaw et al. [9] presented a study of a
athe-type of cutting tool in the form of a disk that rotates around
ts center. The continuous spinning of the tool around its center
llows for the use of the entire insert circumference. As a result
f tool spinning, a fresh portion of the cutting edge is provided
ence a better distribution of tool flank wears over the entire
utting edge. The spinning action of the tool provides a way for
arrying the fluid to the tool tip at a high cutting velocity in the
ase of a journal bearing.

The experiment set-up of typical machining process using
he rotary tool and its main motions are shown in Fig. 1. In
PRT cutting process, the spinning action is achieved by the

nteraction between the tool and the chip, which requires the
utting edge to be oblique with the cutting velocity (V). The tool

otational velocity (Vt) is a function of the cutting velocity and
he inclination angle (λ) between the axis of the work piece and
xis of tool inserts. Obviously, the inclination angle λ is very
mportant since it determines the SPRT cutting performance.

1

Fig. 2. Analysis of self-propelle
ssing Technology 180 (2006) 23–29

The resolving of the three components for total cutting force
c and their momentum analysis is shown in Fig. 2. To keep the

orce equilibrium, Fc should intersect its rotating axis, which is
he key characteristic of rotary tool cutting force.

Whatever analytical model is used, it can hardly cope with
he complexity of the cutting process. Also, for developing an
nalytical model, proper methods for extracting general rela-
ionships from existing machining data are required. Instead of
ttempting to find analytical relationships between machining
arameters by the use of statistical approaches, this paper aims
t developing SPRT cutting force model with ANN trained by
on-structured manufacturing data.

. Description of neural networks

ANN offers an alternative way to simulate complex and ill-
efined problem [10]. In this paper, the force model involves
our operating parameters of SPRT, namely cutting velocity V,
eed rate f, depth of cut ap and tool inclination angle λ; and also
he three components of the cutting forces Fx, Fy and Fz, which
re selected to train the ANN. A highly simplified model of a
hree-layer ANN includes an input layer, a hidden layer and an
utput layer (as shown in Fig. 3).

.1. Back propagation algorithm

One of extensively used ANN models for system modeling
pplication is the multilayer perceptron model based on the BP
11]. In the BP algorithm learning based, the initial weights of
onnections are randomly chosen. Suppose we have N learning
xamples with each example having n inputs and l outputs, the
nput vector can be described as Xj = (X1j, . . ., Xnj) and the output
ector as Aj = (A1j, . . ., Alj), 1 ≤ j ≤ N. The learning process takes
lace using the following two steps:
. Forward propagation: The input vector Xj is fed into the input
layer and an output vector Oj = (O1j, . . ., Olj) is generated
on the basis of the current weights W = (W1l, . . ., Wnl). The

d rotary tool cutting force.
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sample weights. In this way, the ANN weights and thresholds
are initialized as genes of best fitness pop member followed by
propagation of the inputs forward and then back propagate the
errors. If the BP stopping condition is false, the weights and
ig. 3. The neural network model for prediction of the SPRT cutting forces.

value of Oj is compared with the actual output Aj and the
output differences are summed to generate an error function
E defined as

E = 1

2

l∑

i=1

N∑

j=1

(Aij − Oij)2 (1)

. Error back propagation: In this step, the error from Eq. (1)
is back propagated by performing weights update using gra-
dient descent as follows:

�Wnl = − ∂E

∂Wnl

η (2)

where 0 < η < 1 is a parameter controlling the convergence
rate of the algorithm. The process of forward propagation
and error back propagation continues until E converges to
a predefined small value. �Wnl is accumulated and updated
after a complete run of all the N examples for our research.

However, the basic BP algorithm described above is often
ery slow to converge in real practice. Just as Hopfield nets
an sometimes get stuck in undesired spurious attractor states,
ultilayer perceptions can also get trapped in some undesired

ocal minimum status. This is an unfortunate artifact that plagues
ll energy minimization schemes. In order to overcome the
bstacles of these problems, BP algorithm has adopted many
mprovement techniques. Initializing the BP weights with GA
ontains many merits hence attracts the scholars and researchers
nteresting [12].

.2. Hybrid of GA–BP neural networks

GA is probabilistic heuristic search processes based on nat-
ral selection. And its modern form is derived mainly from
olland’s work in the 1960s [13] and the second edition of Hol-

and’s classic 1975 book Adaptation in Natural and Artificial
ystems [14]. GA is capable of solving wide range of complex
ptimization problems only using three simple genetic oper-

tions (selection, crossover and mutation) on coded solutions
strings, chromosomes) for the parameter set, not the parameters
hemselves in an iterative fashion. GA considers several points
n the search space simultaneously, which reduces the chance
ssing Technology 180 (2006) 23–29 25

f convergence to a local optimum [15,16]. Adopting the GA
o select the initialize BP weights containing the information of
PRT cutting force in a large scope, the hybrid of GA–BP ANN
odel improves the cutting force mapping precision.
The hybrid network learning process consists of two stages:

rstly employing GA to search for optimal or approximate-
ptimal connection weights and thresholds for the BP network,
hen using the BP to adjust the final weights, in which the sig-

oid function is used as the activation function. The steps of
earning optimal value for network weights are achieved using
he hybrid of GA–BP algorithm as shown in Fig. 4. At first, the
opulations initialization is done; then performance of tourna-
ent selection; followed by crossover with probability Pc and
utation with probability Pm. Inverse value of the learning error

s taken as the fitness function that is calculated to find the best
tness population member. If the GA terminating condition is
alse, the program returns for tournament selection; otherwise,
t continues to select potential candidates and compute holdout
Fig. 4. The flowchart of a three-layer GA–BP neural network model.
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Table 1
GA parameters and their values

GA parameters Value

Population (P) 100
Cross-over probability (Pc) 0.1
Mutation probability (Pm) 0.05
Maximum iterations (termgen) 1000

Table 2
BP parameters and their values

BP networks parameters Value

Networks topology structure 4-21-3
Initial weights Random of (0,1)
Learning rate (lr) 0.025
Momentum rate (m) 0.9
L
F
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rithm for this study have the following encoding. The first 147
bits represent the connection weights between the input layer
and the hidden layer, as well as the hidden layer and the output
6 W. Hao et al. / Journal of Materials

hresholds are updated; otherwise, they are saved and provided
or future prediction of the SPRT cutting forces.

. Modeling and predicting method

The developed model for cutting force can be used for simula-
ion purposes and for defining threshold force values in monitor-
ng systems for cutting tool condition by specifying the cutting
onditions.

.1. Description of the experimental set-up

To develop the model of SPRT cutting force, a comprehen-
ive experimental procedure is carried out during the turning.
ry turning experiments are performed using a C620 lathe. Low

arbon steel (30C%) bar of 41 mm diameter is used. The experi-
ental were conducted using carbide tool insert with a diameter

f 38 mm. The tool holder is installed in the square turret of the
athe. The cutting force components are registered by SDC-CJ4
igh precession dynamometer that was made in BeiHang Uni-
ersity (Fig. 5). The signals are collected by personal computer
ith aid of a data acquisition card of 12-bit multiplexed analog

nputs.

.2. Description of the neural networks modeling

The objectives of the model in this study are to approximate
he connection weights and the thresholds prediction for the cor-
ect solutions. They can be represented by the average prediction
ccuracy of the training data, which is applied to the fitness func-
ion. The parameters to be searched only utilize the training data
nformation.

A three-layer feed-forward ANN performed with the BP algo-
ithm and the hybrid of GA and BP algorithm, respectively are

eveloped to model the SPRT cutting force (as shown in Fig. 3).
uring preliminary experiments, it was proved to be sufficiently

apable of extracting the force model from unstructured machin-
ng data. There are four neurons in the input layer representing

Fig. 5. The experimental set-up.
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earning adjusting coefficient (la) 0.8
orce adjustment coefficient (u) 0.2

utting velocity V, depth of cut ap, feed rate f and tool inclina-
ion angle λ and three neurons in the output layer representing
omponent force Fx, Fy and Fz.

The selected parameters and their corresponding values are
isted in Tables 1 and 2. In this study, GA operates the process
f crossover and mutation on initial chromosomes and iterates
ntil the stopping condition is satisfied. As shown in Table 1, for
ontrolling parameters of the GA search, the population size P
s set to 100 organisms.

Based on the experience of BP, 21 neurons are employed in
he hidden layer, so that the networks topology structure is set as
-21-3 as shown in Table 2. The strings used in the hybrid algo-
ayer. The following 28 bits are the threshold for force predic-

able 3
he cutting force in the x-, y- and z-direction collected through the experimental

uns

nclined
ngle λ (◦)

Cutting
velocity
(m/min)

Depth of
cut (mm)

Feed rate
(mm/rev)

Cutting force (N)

Fx Fy Fz

0 59.2 0.3 0.08 10.7 264.2 684.3
0.12 12.5 248 703.1
0.16 12.6 293.3 700.8
0.20 16.2 366.6 702

0 78.5 0.2 0.08 5.5 97.4 631.4
0.12 8.4 102.6 639.6
0.16 9.3 137.9 664.2
0.20 9.8 186.8 686

0 98.5 0.4 0.08 33.6 184.2 653.5
0.12 34.8 230.25 705.2
0.16 59.7 399.1 698.4
0.20 56.1 602.8 713.7

0 47.6 0.6 0.08 12.0 302.7 734.1
0.12 29.6 343.5 743.3
0.16 65.3 327.3 758.1
0.20 48.3 369.8 739.7
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ion. The effect of the following two main training parameters on
he training error convergence is also investigated. This includes
he learning rate lr that controls the speed of the adaptation of
he connection weights between the neurons, and the momen-
um rate m that takes into account the rate of the last change of
he connection weights. The training process is supervised by
he desired outputs (the three cutting force components) of the
etwork. All of the training samples values are scaled to fit into

he normalized range of 0–1.

The experimental design for collecting data was set as the
ollowing combination of machining cuts: feed rate at 0.08, 0.12,

e
c
s

ig. 6. The experimental curve and predicted curve of cutting force in different cutting

p = 0.3 mm; (3) λ = 50◦, V = 59.2 m/min, ap = 0.4 mm.
ssing Technology 180 (2006) 23–29 27

.16, 0.20 mm/rev; depth of cut at 0.2, 0.3, 0.4, 0.6 mm; cutting
elocity at 47.6, 59.2, 78.5, 98.5 m/min; inclined angle at 30◦,
0◦ and 50◦.

After the neural network set-up is completed, 192 experi-
ental runs are conducted and the part results are shown in
able 3. The samples were divided into two sets. The first set is

he learning set for the ANN training, while the other set rep-
esents the holdout set for cutting force prediction to verify the

fficiency and correctness of the cutting force model. With these
ollected data, the ANN system is ready to launch its training
cheme.

condition: (1) λ = 30◦, V = 78.5 m/min, ap = 0.2 mm; (2) λ = 40◦, V = 98.5 m/min,
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Fig. 6.

. Results and discussion

Two models in accordance with the methods of determining
he connection weights of BP and hybrid of GA–BP are com-
ared with the real experimental results in Fig. 6. The increasing
f cutting operating parameters value leads to the increasing of
orresponding cutting component forces. But when the operat-
ng parameters get up to a certain degree, the forces increase
lowly. This phenomenon is perhaps a result of a lot of cutting
eat generated by friction and deform of larger volume removal
aterial. It is worth paying attention to the fact that there is a

hade of difference for prediction accuracy between the training
ata and the holdout data for hybrid of GA–BP. There is, how-
ver, a wide difference between the training data and the holdout
ata for the BP model, especially when the cutting parameters
re bigger. This result may be caused by the fact that the globally
earched discretization process simplifies the learning process
nd eliminates the irrelevant patterns. This prevents the network
rom falling into the problem of over-fitting and may enhance
he generalizability.

It is confirmed that the hybrid of GA–BP network predicts
he SPRT cutting force more accurately than the BP network
uring the training period, which is very important to real-time
ontrol. From above analyses it can be seen that the SPRT cutting
orce model with hybrid of GA–BP network can be used to
etermine the optimum operating parameters for provision of
ecommendations to engineers and operators or directly control
ystem to keep the SPRT work more efficiently.

. Conclusions
Neural network as performed in this study provides a new
pproach to model cutting force of SPRT. This approach sig-
ificantly reduces the complexity of modeling, and considers
inued ).

on-structure operator parameters more conveniently. Appar-
ntly, it is very useful for defining threshold forces in monitoring
ystems of cutting tool condition from the cutting force model
n real commercial production. Considering the disadvantages
f BP such as convergence to local minima in the error space,
hybrid of GA–BP algorithm has been developed to improve

he performance of the ANN cutting force model, which gives
ore precise prediction than the standard BP algorithm does.
lthough the performance of the hybrid of GA–BP cutting force
odel shows fairly satisfactory, there remains much to be done

efore a really practical SPRT cutting force predicting model can
e built, for instance, more parameters related to SPRT cutting
orce like material property should be considered.
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