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Abstract In recent years, several papers on machining
processes have focused on the use of artificial neural
networks for modeling surface roughness. Even in such a
specific niche of engineering literature, the papers differ
considerably in terms of how they define network archi-
tectures and validate results, as well as in their training
algorithms, error measures, and the like. Furthermore, a
perusal of the individual papers leaves a researcher without
a clear, sweeping view of what the field’s cutting edge is.
Hence, this work reviews a number of these papers,
providing a summary and analysis of the findings. Based
on recommendations made by scholars of neurocomputing
and statistics, the review includes a set of comparison
criteria as well as assesses how the research findings were
validated. This work also identifies trends in the literature
and highlights their main differences. Ultimately, this work
points to underexplored issues for future research and
shows ways to improve how the results are validated.
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Nomenclature

AFM  Abrasive flow machining

AISI American Iron and Steel Institute

ANN  Artificial neural networks

ART Adaptive resonance theory (a class of artificial

network)
BP Backpropagation algorithm
Computer numerical controlled
d Depth of cut (mm)

DOE  Design of experiments

ECM  Electrochemical machining

EDM  Electrical discharge machining

f Feed (mm/v)

F Activation function in a multilayer perceptron

H Total number of neurons in a layer of a multilayer
perceptron

K Number of radial units in a radial basis function
network

LM Levenberg—Marquadt algorithm

MAE  Mean average error
MLP Multilayer perceptron
MSE Mean square error

QN Quasi-Newton algorithm

R, Average surface roughness (um)
R, Peak-to-valley roughness (um)
Ry Maximum roughness (pm)

r Tool nose radius (mm)

RBF Radial basis function

RMSE Root mean square error

RSM  Response surface methodology

R? Pearson coefficient
SOM  Self-organizing maps
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SSE Sum of square errors

Un Output of a neuron in a multilayer perceptron

v Multilayer perceptron neuron output

14 Cutting speed (m/min)

Wo Bias (or intercept) value in a multilayer
perceptron

w Synaptic weight

X Input vector in a radial basis function network

10) Activation function of radial unit in a radial basis
function network

U Vector representing the hyper-center of a radial
basis function

o Spread factor of a radial basis function

1 Introduction

Fierce competition and an increasingly demanding market
signify today’s manufacturing landscape. To remain com-
petitive, according to Karpat and Ozel [1], manufacturers
must increase their productivity while maintaining, if not
improving, product quality. Hitting this target is especially
challenging in an industry where quality and productivity
are typically conflicting objectives. An industry where such
conflict is routine is modern machining. In the operation of
turning, for example, Cus and Zuperl [2] note that
production rate, cost, and product quality are three
incompatible objectives. Moreover, as the machining
industry welcomes the introduction of new materials and
cutting tools, it finds itself undergoing a rapid development
which is giving rise to processes of highly complex and
nonlinear phenomena. Executing such processes, Singh and
Rao [3] point out, constitutes an additional challenge for
planning and optimization.

An important advantage in meeting this new challenge is
being able to quickly acquire information on specific
machining operations. When a key role in such operations
is economy, Reddy and Rao [4] maintain that knowing the
optimum machining parameters is vital. Researchers want-
ing to gather such knowledge have proposed using
machinability models. For Paiva et al. [5], these models
may be used as objective functions in optimization,
simulation, control, and planning.

One area where machinability models have been
extensively investigated is surface quality. Because of its
impact on product performance [6, 7], surface quality in
machining is an essential consumer requirement. Basheer et
al. [8] affirm that characteristics of machined surfaces
significantly influence its physical properties. According to
Sharma et al. [9], new applications in various manufactur-
ing fields like aerospace, automobile, and die and mold
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have fueled a rapid increase in the demand for products
with high-quality finishes.

A surface quality indicator widely used is surface
roughness [10, 11]. It plays a critical role, according to
Oktem [12], in evaluating and measuring the quality of a
machined product. For Oktem, the ability of a product to
withstand stresses, temperature, friction, and corrosion is
greatly affected by its roughness. In addition, roughness has
an impact on properties like wear resistance, light reflec-
tion, and coating. Karayel [13] contends that the difficulty
in controlling roughness is due to the intrinsic complexity
of the phenomena that generates its formation. For these
reasons, roughness modeling has become not just an
especially defying business but an area of great interest
for research.

Engineers involved with modeling of surface roughness
have at their disposal a number of options. For a variety of
reasons, one particular option has been largely investigated
in the literature—the use of artificial neural networks
(ANNs). ANNs, a paradigm of artificial intelligence, are
claimed by El-Mounayri et al. [14] and Coit et al. [15] to
have many attractive properties for modeling complex
production systems. These include universal function
approximation, resistance to noisy or missing data, accom-
modation of multiple nonlinear variables with unknown
interactions, and good generalization capability. They are
especially useful, according to Ezugwu et al. [16], for
mapping complex relationships whose representation in
analytical terms would otherwise be difficult. Among
works on the subject, there are distinct strategies employed
for data collection, model definition, model fitting, and
validation of results obtained.

Applying ANNs for roughness prediction, however, is
not without some reported shortfalls. In classifying quality
prediction in high-speed milling processes, for example,
Correa et al. [17] observed that Bayesian networks out-
performed neural networks. In a study on waterjet machin-
ing, Caydas and Hasgalik (2007) [18] found that a multiple
regression model yielded slightly superior results for
roughness prediction than did ANNs.

The present work tries to synthesize and analyze
research efforts that utilize neural networks in off-line
surface roughness modeling. The goal is to put forward a
broad view of the strategies and problems that normally
come up in the literature. The work provides a critical
analysis of the current stage of research. Furthermore, by
making use of recommendations from acknowledged
scholars in neurocomputing science and statistics, the work
discusses good practices.

The paper is structured as follows: Section 2 presents a
review of surface roughness; Section 3 emphasizes histor-
ical aspects and main paradigms of ANNs; Section 4
reviews the conceptual framework around roughness
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modeling via neural networks; Section 5 characterizes the
analyzed papers and details the criteria adopted for the
review; Section 6 reviews publications in terms of strategy
and data collection techniques adopted; Section 7 analyzes
the distinct model definition choices and the approaches
used for finding suitable network configurations and for
model fitting; Section 8 appraises how models are
validated; finally, Section 9 presents the conclusions and
points to directions for future research on the subject.

The authors hope that this bibliographic review is
innovative in two ways: First, the means of modeling
roughness are categorized, providing the reader a qualita-
tive view of the distinct approaches adopted in each
modeling phase; second, a guideline of good practices,
based on recommendations from experts in the distinct
research fields involved, is here assembled.

2 Surface roughness

Benardos and Vosniakos [11] define surface roughness as
the superimposition of deviations from a nominal surface
from the third to the sixth order where the orders of
deviation are defined by international standards [19]. The
concept is illustrated in Fig. 1. Deviations of first and
second orders are related to form. Consisting of flatness,
circularity, and waviness, these deviations are due to such
things as machine tool errors, deformation of the work-
piece, erroneous setups and clamping, and vibration and
workpiece material inhomogenities. Deviations from third
and fourth orders, which consist of periodic grooves,
cracks, and dilapidations, are due to shape and condition
of cutting edges, chip formation, and process kinematics.
Deviations from fifth and sixth orders are linked to

1st order deviation

———— Nominal Surface

3rd order deviation

ACAACAA A AA S

4th order deviation
— AAMAAAAAAAAAAANAAAAAAAAAAAAAAAAAAAANA,

Surface roughness

Fig. 1 Nominal surface deviations—adapted from DIN4760 [19]

workpiece material structure and are related to physico-
chemical mechanisms acting on a grain and lattice scale
such as slip, diffusion, oxidation, and residual stress [11].

Surface roughness, for Correa et al. [17], defines the
functional behavior of a part. As pointed out by Oktem et al.
[20] and by Chang and Lu [21], it plays an important role in
determining the quality of a machined product. Roughness
is thus an indicator, according to Pal and Chakraborty [22],
of process performance and must be controlled within
suitable limits for particular machining operations.

The factors leading to roughness formation are complex.
Karayel [13] declares that surface roughness depends on
many factors including machine tool structural parameters,
cutting tool geometry, workpiece, and cutting tool materials.
Erzurumlu and Oktem [23] assert that roughness is
determined by the cutting parameters and by irregularities
during machining operations such as tool wear, chatter,
cutting tool deflections, presence of cutting fluid, and
properties of the workpiece material. In traditional machin-
ing processes, Benardos and Vosniakos [24] maintain that
the most influential factors on surface roughness are:
mounting errors of the cutter in its arbor and of the cutter
inserts in the cutter head, periodically varying rigidity of the
workpiece cutting tool machine system wear on cutting
tool, and formation during machining of built-up edge and
non-uniformity of cutting conditions (depth of cut, cutting
speed, and feed rate). The same authors claim that
statistically significant in roughness formation are the
absolute values of cutting parameters such as depth of cut,
feed, and components of cutting force. Still, not only the
enlisted factors are influential, according to Benardos and
Vosniakos [24], but also the interaction among them can
further deteriorate surface quality.

The process-dependent nature of roughness formation, as
Benardos and Vosniakos [11] explain, along with the
numerous uncontrollable factors that influence the phenom-
ena make it difficult to predict surface roughness. The
authors state that the most common practice is the selection
of conservative process parameters. This route neither
guarantees the desired surface finish nor attains high metal
removal rates. According to Davim et al. [25], operators
working on lathes use their own experience and machining
guidelines in order to achieve the best possible surface finish.

Among the figures used to measure surface roughness,
the most commonly used in the literature is roughness
average (R,). It is defined as the arithmetic mean value of
the profile’s departure from the mean line throughout a
sample’s length. Roughness average can be expressed as in
Eq. 1 [26]:

I
1
Ro=1 | b)lds (1)

0
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where R, stands for roughness average value, typically
measured in micrometers (um), /,, stands for the sampling
length of the profile, and [y(x) stands for the absolute
measured values of the peak and valley in relation to the
center line average (um). According to the ISO:1302
4288:1996 [27] international standard, machining processes
can achieve roughness values ranging from 0.006 to
50 pm,. For discrete measurement, surface roughness
average can be defined as in Eq. 2 (ISO 4287/1, 1997) [26]:

l n
R, = n Z il (2)
i=1

where R, is the roughness average, n stands for the number
of samples in a given length, and |yi| stands for the absolute
measured values of the peak and valley in relation to the
center line average. Correa et al. [17] point out that being
an average value and thus not strongly correlated with
defects on the surface, R, is not suitable for defect
detection. Yet they also proclaim that due to its strong
correlation with physical properties of machined products,
the average is of significant regard in manufacturing.

Benardos and Vosniakos [11], in a review on the subject,
grouped the efforts to model surface roughness into four
main groups: (1) methods based on machining theory,
aimed at the development of analytical models; (2)
investigations on the effect of various factors on roughness
formation through the execution of experiments; (3) design
of experiment (DOE)-based approaches; and (4) methods
based on artificial intelligence techniques.

Equation 3 [28] offers an example of a theoretical model
where R, stands for roughness average (in wm), f stands for
feed (in mm/rev), and r stands for tool nose radius (in mm).

0.032 2
R, ~ 7><f .

Vo ()

Such models, Sharma et al. [9] tell us, take no account of
imperfections in the process, such as tool vibration or chip
adhesion. In some cases, according to authors like Zhong et
al. [29], Ozel and Karpat [10], and others [29, 30], results
differ from predictions.

Singh and Rao [3] describe experimental attempts to
investigate the process of roughness formation. Using finish
hard turning of bearing steel (AISI 52100), the authors
study the effects of cutting conditions and tool geometry on
surface roughness.

Empirical models are also employed for modeling
surface roughness, generally as a result of experimental
approaches involving multiple regression analysis or
experiments planned according to DOE techniques. An
example of this strategy can be found in Sharma et al. [9].
Cus and Zuperl [2] and Fang and Safi-Jahanshaki [31]
proposed empirical models (linear and exponential) for
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surface roughness as a function of cutting conditions, as
shown in Eq. 4:

R, = c,(V°'f2d?). (4)

In Eq. 4, R, stands for roughness average. V, f, and d
stand for cutting speed (m/min), feed (mm/rev), and depth
of cut (mm), respectively. c0, cl, ¢2, and ¢3 are constants
that must be experimentally determined and are specific for
a given combination of tool, machine, and workpiece
material. Fredj and Amamou [30] point to the fact that in
many cases, regression analysis models established using
DOE techniques failed to correctly predict minimal rough-
ness values.

3 Neural networks

According to Haykin [32], ANNs are massive parallel
distributed processors made up of simple processing units
or neurons. These neurons have a natural propensity for
storing and making available for use experiential knowl-
edge. ANNs acquire knowledge from an environment
through a learning process. They create a representation
of this knowledge in the form of interneuron connection
strengths, known as synaptic weights. Neural network
processing, or neurocomputing, can be seen as a non-
algorithmic form of computation; it constitutes one of the
main branches of the learning machines field of research
[32, 33].

ANNSs have their roots in the initial forays into artificial
intelligence. McCulloch and Pitts [34] outlined the first
mathematical model of the neuron. Hebb [35] introduced
the concept that learning is a process of adjusting synaptic
weights. Among the first practical implementations were
simple networks capable of performing some logical
operations and classifying simple patterns—the perceptron
[36] and the adaline [37]. These achievements introduced
important concepts like network training and the delta rule
for error minimization. Minsky and Papert [38] proved that
perceptrons were incapable of solving linearly inseparable
problems, a serious limitation that curbed scientific activity
in the matter. Interest in neural networks was revived by the
works of Hopfield [39] and Kohonen [40]. In 1986, the
limitations revealed by Minsky were overcome by an
algorithm introduced by Rumelhart et al. [41]—the back-
propagation (BP) training algorithm. Since then, new ANN
architectures and training algorithms have been investigated
deeply, leading to huge developments in neurocomputing.
In addition to that, neural networks have been successfully
applied to solve a wide range of practical and complex
problems in several distinct fields. These include pattern
recognition, signal processing, chemical and biomedical
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industrial processes, and in manufacturing operations like
welding, molding, machining, and many others.

According to several authors [14, 15, 32, 42], there are
two main motivations for solving problems using ANNs—
to learn through example and to generalize learned
information. What exactly does “to learn” mean? It is to
adapt a neural network’s parameters by training the stimuli
embedded in the network’s environment. “To generalize” is
to produce coherent outputs of patterns unseen during
learning [32].

There are two main paradigms of learning: supervised
and unsupervised. For each of them, distinct training
algorithms can be found. In supervised learning, a network
is presented a set of patterns containing input values and the
corresponding expected outputs; parameters are adjusted
based on an error figure. In contrast, unsupervised learning
networks are given no output values, only input. The
network, by identifying statistic regularities of input data,
forms internal representations; this process gives way to
encoding features of inputs that allow its mapping of
outputs [32]. As a result of learning, a neural network
acquires knowledge of the underlying relationships between
independent and dependent variables of a process.

Figure 2 shows the most commonly employed ANN
architecture: a multi-layer perceptron (MLP) network. The
ANN has three types of layers: the input, output, and the
hidden layers. Each neuron on the input layer is assigned to
an attribute in data and produces an output which is equal
to the scaled value of the corresponding attribute. The
hidden layers, usually numbering one or two, are interme-
diate between the input and output layers. Neurons on the
hidden layer perform the scalar product of the neuron’s
input vector by the vector of weights associated to its
inputs. The result of the scalar product is compared to a
threshold limit. In case the limit is exceeded, the scalar
product is used as an independent variable to an activation
function whose output will be the neuron’s output. Sigmoid
functions are largely employed as activation functions,

Weights Neurons

( &)

- 000

(. 000

Network
output

. 000

Input \ N
Layer Hidden
Layers

Fig. 2 Multilayer feedforward ANN structure
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although linear Gaussian and hyperbolic functions are also
utilized. The output layer sums up the resulting vector from
the hidden layer, thus providing the network’s overall
outputs. Each layer consists of neurons, those in adjacent
layers being fully connected with respective weights, while
those in the same layer are not. Equation 5 shows a type of
activation function found commonly in the literature.

2

(Tre G)

For each neuron in the hidden or output layer, the input—
output transformation employed is defined as in Eq. 6:

)i
v=F (Z Wity + wo) (6)
=1

where v is the output of the neuron, H is the total number of
neurons in the previous layer, u, is the output of the Ath
neuron in the previous layer, w;, is the corresponding
connection weight, wy is the bias (or intercept), and F is the
nonlinear activation function. Neurons on the output layer
perform a weighted sum over the outcomes of the hidden
layer to generate network outputs.

Another well-known architecture, proposed by Broomhead
and Lowe [43], is the radial basis function network (RBF). In
RBFs, the activation function is a radial basis function, a
class of functions whose value increases or decreases with
the distance to a central point. The argument of such a
function is basically a Euclidean norm (a distance) between
vectors. One such function commonly employed in RBFs is
the Gaussian function shown in Eq. 7 [44]:

) — oo [l
¢:(14) exp| 3 (7)

where x corresponds to an input vector, u; is a vector
corresponding to the hyper-center of function ¢;, and o is a
spread factor for that function. In a RBF network having K
radial units in the intermediate layer and one output, this is
given by Eq. 8 [44]:

y= iw(nx—mz) +wo (®)

where x and p are defined as in Eq. 7, ¢ represents the
activation function of the radial units, as the Gaussian
function represented by Eq. 7, w; represents the weight
values by which the output of a radial unit is multiplied in
the output layer, and wy is a constant. According to Bishop
[33], RBFs are suitable for performing a series of tasks,
among which is the approximation of functions. The training
of RBF networks, which include both supervised and
unsupervised learning, is hybrid.
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4 Surface roughness modeling with ANNs

The use of ANNs in machining applications, according to
Sick [45], can be grouped into online and off-line
approaches. Online approaches, in order to collect model-
ing data, fit sensing devices to the machine. Networks are
trained in real time using process parameters measured by
sensors and results are employed in time-critical tasks. In
the off-line approach, experimental data, historical data, or
previously collected sensor data are used to train the
network in order to build models for use in process
planning or optimization purposes.

The potential of ANNs for use in machining processes
was perceived during the 1990s. In order to predict tool life
in turning gray cast iron with cutting tools of mixed oxide
ceramic type, Ezugwu et al. [46] used results from experi-
ments involving distinct cutting speed and feed values to
train an MLP. Chao and Hwang [47] performed a similar
study. Early works on surface roughness modeling can be
found in Chien and Chou [48] where, in the process of
turning of a 304 stainless steel, networks predict surface
roughness, cutting force, and tool life. Tsai and Wang [49]
compared distinct ANN structures for prediction of surface
roughness in electrical discharge machining (EDM). Using
data obtained from experiments conducted on a computer
numerically controlled (CNC) milling machine and planned
according to DOE techniques, Benardos and Vosniakos
[24] trained a neural network to predict surface roughness.

The notion of using ANNs in machining processes has
yielded a considerable number of papers. In many of them,
researchers argue for their use. Davim et al. [25] maintain
that neural networks are able to capture the characteristic
nonlinearity of turning. Karpat and Ozel [1] speak of the
difficulty of generating, in hard turning, explicit analytical
models of the complex relationship among the parameters
involved. Neural networks, according to the authors, pose a
suitable and practical option for modeling. Results obtained
by Ozel et al. [50] show that neural network models are
able to predict, for a range of cutting conditions, tool wear
and surface roughness patterns; moreover, for hard turning,
they can be utilized in intelligent process planning. Oktem
et al. [20], using data obtained experimentally, trained an
MLP according to the BP algorithm for roughness
prediction. The authors reported that results were excellent.

More examples can be found in the work of Assarzadeh
and Ghoreishi [51], aimed at optimizing the surface
roughness in EDM using neural networks. The authors
declared the effectiveness of using the MLPs for the
prediction of material removal rate and R,. In Hossain et
al. [52], an ANN model was developed for the investigation
and prediction of the relationship between cutting param-
eters and surface roughness during high-speed end milling
of nickel-based Inconel 718 alloy. A very good predicting
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performance of the neural network was observed. Other
approaches include the work of Panda and Mahapatra [53]
in which principal components were used for modeling of
drill wear. The principal components of drilling parameters
were calculated and networks were trained to predict them.
Networks were able to classify low wear and high wear
within an accuracy of 90% and to predict the drill flank
wear within £6.5% error.

The use of ANNs in online control of machining
operations is the subject in Gao et al. [54] where they are
applied for mapping relations between tool condition and
features extracted from distinct sensor signals by using
experimental data. Huang et al. [55] applied ANNSs for the
adaptive surface roughness control in end milling oper-
ations. For those authors, off-line, manual techniques to
assess surface roughness and part quality are costly and
time-consuming, which favors the use of neural networks.
The same conclusion can be found in Nalbant et al. [56]
who sustain that ANNs are a good alternative to conven-
tional empirical modeling based on linear regressions for
surface roughness modeling.

It must be stated, however, that there is no consensus on
the experience with neural networks for surface roughness
modeling. Authors like Dhokia et al. [57] point to the lack
of systematic design methods for neural networks as a
disadvantage. For Cervellera et al. [58] and for Karnik et al.
[59], finding a good ANN architecture requires several
modeling attempts, making it a time-consuming activity.
Ambrogio et al. [7] testify of the need for large amounts of
data for training and validation; such a need limits the
practical application of neural networks in machining
processes. More computational effort is required, according
to Bagci and Isik [60], to build an artificial neural network
model than other methods.

In fact, the effective design of ANNs is a defying
problem even in neurocomputing domain, as stated in
Zanchettin et al. [61]. The authors proposed a DOE-based
scheme for the identification of the most influential factor
on the performance of a neuro-fuzzy inference system.
Examples of optimization attempts can be found in the
work of Mohana Rao et al. [62] aimed at modeling surface
roughness of die sinking EDM using neural networks.
Genetic algorithms were used in their research to optimize
the weight factors of the network. Ortiz-Rodrigues et al.
[63] proposed the use of the Taguchi methods (a DOE
technique) for robust design of MLPs trained by back-
propagation algorithm and develops a systematic and
experimental strategy which emphasizes simultaneous
optimization artificial neural network’s parameter optimi-
zation under various noise conditions.

An analysis of the literature reveals that most of the
studies follow common steps like problem delimitation,
definition of an experimental strategy, data collection,
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choice of a network architecture and topology, network
fitting by means of training, data analysis, network
selection, and some kind of validation of results. This
sequence closely resembles, as seen in Fig. 3 [64], the
forecasting and modeling conceptual activities enlisted by
Montgomery et al. [64] and Montgomery and Runger [65]
for multiple regression analysis and time series forecasting
models.

For those authors, the development of models for
forecasting must follow a well-defined set of steps. The
first step, as seen in Fig. 3, is the problem definition
which comprises the specification of what will be
forecasted, the independent variables to be used as
predictors, and also the definition of how users expect to
use the resulting model. The following step is the data
collection which includes the techniques employed to
collect valid and representative data from the process.
Data analysis refers to the treatment applied to collected
data in order to convert it in useful information. As the
behavior of a model is defined by its free parameters, it is
necessary to perform model selection and fitting. Model
fitting corresponds to the adjustments made on model
parameters to ensure maximum accuracy and precision and
to the techniques applied in the search for optimal
parameters. Model selection is related to the rules
employed to decide in favor of a given parameter
configuration. The final step in this framework is model
validation where a model shall be applied to forecast new
cases, not included in selection and fitting, to provide an
independent measure of the model quality. For every
aforementioned step, the mentioned authors strongly
recommend the use of statistical techniques to ensure the
development of useful and reliable models.

In fact, the result obtained when ANNs are employed
to model surface roughness is a semi-parametric model
[66], that is, a model where roughness is represented not
only in machining terms but also in terms of the network
architecture selected, network configuration parameters
(such as the number of hidden layers, the number of
neurons, and the activation functions employed), and
of the training strategy adopted. As with any other kind
of model, an ANN model is required to have a well-
defined accuracy, precision, and associated confidence
levels. Those characteristics are essential in order to
ensure model quality and to grant model acceptance in
production floor environments. In order to achieve such

Model
Problem Data Data . Model
Definition Collection [ | Analysis [ | Selection =y jiation
and Fitting

Fig. 3 Forecasting process—adapted from Montgomery et al. [64]

desirable characteristics, some good practices have to be
observed during model elaboration and validation activi-
ties. These practices are related to the observance of
neurocomputing and statistical principles. It is under this
conceptual framework that the research works this study
focuses on are reviewed.

The review begins by specifying the criteria employed
for the selection of papers. A characterization will be done
in terms of date of publication and specific machining
process dealt with by the publications. In the sequence, the
studies will be classified and analyzed in regard to the
following modeling aspects, derived from Montgomery’s
[64] conceptual framework:

e Problem definition and data collection
*  Model selection and fitting
*  Model validation

Together with the qualitative classifications, comments
are included in order to highlight good practices or to
identify opportunities for improvement in research. As a
way of giving insight into possibilities for future research,
modeling ideas from other domains are also introduced
when applicable.

5 Characterization of reviewed works

The search for papers was conducted using scientific
resource bases, such as Elsevier, Springer, Taylor and
Francis, Emerald, and others. Publications were chosen for
evaluation if they matched the following requirements:

» focused on surface roughness prediction in machining
processes

* made use of neural networks as modeling technique

» adopted an off-line approach to fit network models

Based on these criteria, 45 publications were selected
and reviewed. Figure 4 depicts their chronological distri-
bution. The figure shows that off-line roughness prediction
in machining by means of ANNs has attracted a sustained
interest from researchers. In fact, from 2005 to 2008, there
was an increase in the number of papers published on the
subject (the survey was conducted during the first quarter of
2009).

Table 1 synthesizes distinct options taken by authors
along reviewed papers. The table shows specific network
architectures adopted in each paper as well as the number
of inputs and outputs of the networks. The first column
contains the number of the reference as seen in the
“References” section. The use of cutting speed, feed, and
depth of cut as inputs for prediction is also detailed. In
addition to that, the table specifies the roughness measure-
ment figures employed. Information is provided on the
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Fig. 4 Yearly distribution of reviewed publications

training algorithm used (for works using MLPs), on the use
of distinct sets for training and selection, on the use of a
third validation set, and on the figure adopted to measure
network accuracy in each study.

Figure 5 displays the specific machining processes
investigated along selected publications. Thirty-six out
of the 45 works deal with conventional machining
processes, including turning [2, 8-10, 13, 16, 22, 25,
29, 42, 48, 50, 60, 67-72], milling [12, 17, 20, 21, 23, 24,
57, 73-78], drilling [79, 80], and grinding [30]. The
remaining papers are focused on EDM [49, 81-84],
abrasive flow machining (AFM) [85, 91], electrochemical
machining (ECM) [86], micro-end milling [87], and
waterjet machining [18].

Accounting for about 42% of the total works
reviewed, turning was the process most studied. The
same was observed by Sick [45] in his review about tool
condition monitoring. Among selected publications deal-
ing with turning is the work of Karayel [13] where a
neural network model is proposed for the prediction and
control of surface roughness in a CNC lathe. Davim et al.
[25] developed surface roughness prediction models using
networks of MLP architecture to investigate the effects of
cutting conditions, using cemented carbide tools, in the
turning of free machining steel, 9SMnPb28k(DIN). In
Basheer et al. [8], an artificial neural network model is
employed to predict the surface roughness on Al/SiCp
composites.

There are also applications in hard turning. This process
became possible due to new cutting tool materials, such as
cubic boron nitride and ceramics [3]. Hard turning behaves
differently from ordinary turning [1]. Quiza et al. [88]
maintain that traditional regression methods present severe
limitations for hard turning applications due to the extreme
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nonlinearity that characterizes the process and to the use of
modern tool materials. This seems to favor the use of ANN
in such a process. An example can be found in Ozel et al.
[50] in which neural networks were used to investigate the
influence of cutting parameters on tool flank wear and
surface quality in hard turning of AISI D2 steel (60 HRC)
using ceramic inserts with wiper (multipoint radius) nose
geometry.

Accounting for another 28% of the publications
reviewed is milling process. Oktem [12] conducted a
study on surface roughness to model and optimize the
cutting parameters in end milling process of AISI 1040
steel material with TiAIN solid carbide tools under wet
conditions. The work of Bruni et al. [75] aimed at building
predictive models for surface roughness in the finish face
milling process of AISI 420 B stainless steel. Examples of
applications involving other conventional material removal
processes can be found in Tsao and Hocheng [80] who
made use of networks to predict the thrust force and
surface roughness of candlestick drill in drilling of
composite materials and in Fredj and Amamou [30] who
proposed the use of ANNs for roughness prediction in
grinding processes.

Other reviewed applications include machining of non-
metallic materials. Dhokia et al. [57] focused on the
machining of soft materials, as polypropylene. Their work
was directed to create a model and to find optimal cutting
conditions for roughness minimization. In Bagci and Isik
[60], an ANN is employed for the estimation of surface
roughness in the process of turning unidirectional glass
fiber-reinforced plastic composites.

ANNs have been employed for roughness prediction
in non-conventional machining processes as well.
Markopoulos et al. [82], Mandal et al. [84], and Sarkar
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Table 1 Summary of network usage decisions taken along reviewed works

Reference ANN Input Cutting Feed Depth of Outputs Figure Algorithm Distinct Validation Error
speed cut sets set

2 MLP/RBF 3 X X X 3 R, BP Yes No None

8 MLP 5 X X 1 R, M Yes No MAE(%)

9 MLP 4 X X X 4 R, BP Yes Yes MSE

10 MLP 7 X X 1 R, LM Yes No RMSE

12 MLP 4 X X X 1 R, BP Yes No RMSE

13 MLP 3 X X X 1 Ro/Rimax BP Yes Yes MAE(%)

16 MLP 4 X X X 1 R, LM Yes Yes Correlation

17 MLP 6 X X 1 R, BP Yes No Proportion

18 MLP 5 1 R, BP No No MAE(%)

20 MLP 5 X X X 1 R, Unclear Yes No MAE(%)

21 Other 6 X X X 1 R, NA Yes No MAE(%)

22 MLP 5 X X X 1 R, BP Yes No MSE

23 MLP 5 X X X 1 R, Unclear Yes No MAE(%)

24 MLP 8+ X X X 1 R, LM Yes Yes MSE

25 MLP 3 X X X 2 RJ/R; BP Yes No MAE(%)

29 MLP 7 X X 2 RJ/R; BP Yes Yes MAE(%)

30 MLP 8+ X X 1 R, BP Yes No unclear

42 MLP 4 X X X 3 R, BP No No MAE(%)

48 MLP 3 X X X Unclear R, BP Yes No MAE(%)

49 MLP/RBF Unclear 1 R, BP Unclear No MAE(%)

50 MLP 6 X X 1 RJ/R; LM Yes No None

57 MLP/RBF 3 X X X 1 R, M Yes Yes MAE(%)

60 MLP 3 X X X 1 R, BP Yes No MAE(%)

67 MLP 3 X X X 4 R, BP Yes No None

68 MLP 4 X X X 1 R, BP Yes Yes MAE(%)

69 RBF 4 X X X 1 R, NA Yes Unclear MAE(%)

70 MLP/RBF 3 X X X Unclear R, Unclear Yes No None

71 MLP 3 X X X 1 R, New Yes No MAE(%)

72 MLP 3 1 a BP Yes No MAE(%)

73 RBF 4 X X X 1 Unclear NA Yes No None

74 MLP 3 3 Unclear BP Yes No None

75 MLP 8+ X 1 R, BP No No Unclear

76 MLP 5 X X X 1 Fractal Para LM Yes Yes R2

77 MLP 4 X X X 1 Binary clas QN No No None

78 MLP 4 X X X 1 R, New Unclear No MAE(%)

79 MLP 3 X X 1 R, BP No No None

80 RBF 4 X X X 2 R, NA Yes No MAE(%)

81 MLP 3 2 R, LM Yes No MAE(%)

82 MLP 3 1 R, BP Yes Yes None

83 MLP 6 3 R, BP Yes No MAE(%)

84 MLP 3 3 R, BP Yes No MAE(%)

85 RBF 4 2 R, NA Yes No MAE(%)

86 MLP 4 2 R, Unclear Yes No MAE(%)

87 MLP 4 X X X 1 R, BP Yes No MAE(%)

91 Other 2 2 R NA Yes No None

S

et al. [83] proposed neural models for the prediction of
surface roughness in EDM. Being an already established
technology in the tools and dies industry, EDM is still one
of the expertise-demanding processes in the manufactur-

ing industry [82]. Another example is the work of Mollah
and Pratihar [85] which employed RBF networks for
modeling input—output relationships in abrasive flow
machining processes.
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Fig. 5 Machining processes studied in reviewed publications

6 Problem definition and data collection

The initial steps for model elaboration, as set out by
Montgomery et al. [64], are problem definition and data
collection. Problem definition comprises the specification
of what is to be modeled, the strategy to be employed, and
the understanding of how users expect to employ the
resulting model. Data collection includes the selection of
predictor variables and the techniques used to obtain
relevant data to be used in building the model.

The problem in question along the reviewed papers is the
use of ANNs as a modeling tool for the estimation or
classification of surface roughness prediction in machining.
Process parameters are typically used as independent
variables. The usual expectation is to obtain models
presenting smaller errors in prediction than from other
methods. Davim et al. [25] sustain that RSM-based models
are restricted to a small range of input parameters and hence
not suitable for highly complex and nonlinear processes.

Applications of ANN models in conjunction with other
tools are common. The motivation for the use of hybrid
approaches is to obtain results superior to those obtained
separately by any of the techniques involved. This is
observed in Oktem [12] where a genetic algorithm was
employed to explore the ANN roughness model in a search
for combinations of cutting parameters able to deliver the
smallest surface roughness. The same approach is observed
in Tansel et al. [87]. Other examples of such a strategy are
the works of Mollah and Pratihar [85], Oktem et al. [20],
and also Gao et al. [89] where an artificial neural network
and a genetic algorithm are used together for the optimi-
zation of an EDM process.

Eighteen papers compare models obtained from ANNs to
those elaborated using other techniques, such as multiple
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regression analysis or response surface methodology. Out of
this number, network models, in ten publications, are consid-
ered to be superior. Examples can be found in Tsao and
Hocheng [80], Asokan et al. [86], and Caydas and Hasgalik
[18]. Al-Ahmari [42] conducted statistical tests to establish the
difference in performance between distinct models. The author
concluded that the neural network was superior. The
performance of ANN models, in six works, is deemed as
equal. In two articles, the alternative method outperformed the
neural model. This was the conclusion obtained by Correa et
al. [17] where neural networks were compared to Bayesian
networks (a machine learning classification method) for the
prediction of surface roughness in high-speed machining.

Comparisons between distinct types of networks are
performed in six publications [2, 48, 49, 57, 69, 86]. In
Dhokia et al. [57], the authors compared the performance of
two distinct network architectures, MLPs and RBFs. Their
conclusion, based on hypothesis tests, is that RBF networks
outperformed MLPs. Sonar et al. [69] made the same
comparison. In that study, the MLPs were superior to the
RBFs. Tsai and Wang [49] compare six network config-
urations including MLPs and RBFs trained by distinct
algorithms. Error in validation and the Pearson coefficient
(R?) were used to express the results. Although a lot of data
are presented, the article points to no clear winner. It must
be pointed out that both MLPs and RBFs possess properties
of universal function approximation [90]. As a conse-
quence, there will always be a topology of one type capable
of emulating the performance of a network of another type.
Hence, instead of focusing on architecture comparison,
research efforts should be concentrated in other directions,
such as network optimization.

Less usual approaches can be found as well. El-Sonbaty
et al. [76] developed ANN models for the analysis and
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prediction of the relationship between the cutting conditions
and the corresponding fractal parameters of machined
surfaces in face milling operations. In the work of Balic
[74], roughness is actually an input of an MLP network
trained to predict optimal cutting conditions as outputs for
process planning purposes.

The next step, after defining the problem to be treated
and adopting the research strategy, is collecting data to be
used to train and test the network. One must initially define
the number and nature of the independent variables (or
predictors) to be employed. This is an important issue in
ANN modeling. The set of inputs shall ideally include all
variables of significance for roughness prediction. At the
same time, though, neurocomputing authors like Haykin
[32] recommend the use of a minimal set of uncorrelated
inputs for best modeling. Figure 6 displays the number of
predictors among the 45 reviewed papers.

There is a range of inputs. The minimum observed is two
[91]. In three papers [24, 30, 75], more than eight are
employed. A useful example, taken from the area of tool
life prediction, is the work of Chao and Wang [47]; by
analyzing and removing correlated or irrelevant inputs, they
proposed a method of reducing the dimensionality of inputs
for predicting cutting tool life in turning.

Virtually all works reviewed (43 out of 45) clearly define
the nature of predictors employed. In only two cases, actual
inputs cannot be identified, although the texts suggest they
were based on cutting parameters. Figure 7 shows the
number of times a given input appeared among the 36
papers dealing with conventional machining processes. It
can be observed that cutting conditions (cutting speed, feed,
and depth of cut) are by far the most employed roughness
predictors, as for instance in Karayel [13], Oktem [12],
Dhokia et al. [57], and Bagci and Isik [60]. Although less
frequently, other process parameters are also employed as
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model inputs. Tool radius, for example, is one of the factors
investigated by Al-Ahmari [42]. Sanjay and Jyothi [79]
utilize drill diameter along with cutting conditions in
drilling as a predictors. Rake angle is adopted as an input
by Zhong et al. [29]. Worth mentioning also is that in only
three publications is tool wear information employed as an
input; this is in spite of many authors considering it an
influential parameter in roughness formation [1, 21, 92].

Inputs appearing only once among the papers were
grouped under the label “Others.” Those inputs include size
and volume of tool reinforcements, dressing depth, number
of passes, tool insert grades, workpiece material, coolant
pressure, cutting edge geometry, lubrication condition, and
cutting length.

Papers dealing with non-conventional machining pro-
cesses make use of process-specific information for
modeling. Markopoulos et al. [82] employed pulse current,
pulse duration, and kind of processed material for the
prediction of roughness in EDM. Five steel grades were
tested and the remaining factors varied over a wide range,
from roughing to near-finished conditions. The model for
EDM proposed by Sarkar et al. [83] employed pulse time
on, pulse time off, peak current, wire tension, dielectric
flow rate, and servo reference tension as inputs. In Asokan
et al. [86], current, electrical tension, flow rate, and gap are
considered as inputs for roughness prediction in electro-
chemical machining.

Twenty-seven works justify their choice and range of
inputs. In some works, inputs are selected based on
previous machining studies, while in others, no justification
at all is presented. In [20] for instance, the range for cutting
parameters is defined by the limits fixed by the tool
manufacturer. In four studies [10, 24, 30, 67], distinct sets
of predictors are used in the search of the best set to build
the model. An example of such a strategy can be seen in
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Fig. 6 Number of predictors employed as network inputs

@ Springer



890

Int J Adv Manuf Technol (2010) 49:879-902

Fig. 7 Nature of predictors 35 32 31
employed in model building w 29
3 30
&
5 25 -
2
o 20 - 16
s 15 +
2 10 - 6
§ 5 I i3 3 .3 3 5 5 5
o/ H W I B BN e
O D 3 @ ¥ & & & F & 2 L& L O
c,Qe'z & é(, ,g-“' @5 &é- Qo,\o &é‘ \Q\e @o fa(& &00 b“é’ 0@0
® RPN A S & & & &
&8 G 4O AV & R A 7 O
CANC N 0° & & &
o O © 497 S O
& R & & &
3B @’b \9‘9“

Benardos and Vosniakos [24] who employed a Taguchi
arrangement (a DOE technique) to select the inputs for
roughness prediction in the CNC face milling process.

Another issue in data collection is the technique adopted
for collecting training data. Five distinct approaches can be
found among the works reviewed, as seen in Fig. 8.

In over a third of the publications (17), the training set is
built from results of experiments planned and executed
according to DOE techniques. Examples are found in
Oktem [12] who uses results from a full factorial
experimental arrangement. Caydas and Hascalik [18]
employed the results of a Taguchi arrangement. About a
fourth of the papers (11) employ arrangements resembling
those of experimental designs. No explicit mention,
however, is made of this methodology nor indication given,
as for instance in [13], that DOE principles were followed

Nature of input

in the execution of the experiments. In some works, the
actual arrangement is only suggested, not shown explicitly.
For instance, [20] uses a remarkable set of 243 examples
collected from cutting experiments. Close to a third of the
publications (13) formed the training set with data obtained
from non-DOE techniques. Chien and Chou [48] employed
experimental results obtained from 96 test points randomly
selected between cutting condition limits established. In
two papers, training examples were generated by simu-
lations, and in two others, textbook equations were
employed. DOE is prevalent in data collection mainly
because many papers compare neural and multiple regres-
sion models obtained as a result of DOE techniques. Then,
in an attempt to provide a common base for comparison
between the two approaches, the same data are employed
for training networks.
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Fig. 8 Approach adopted to build neural network training sets
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Whether or not it is convenient to use DOE techniques
to form training sets is an open question. None of the
papers reviewed assess the influence of data collection
techniques on the performance of models. Would another
approach lead to better results, or to the same results with
a smaller number of experimental runs? Yet another point
not sufficiently explored is how efficiently the data from
ANNS is used compared to other approaches. Only Kohli
and Dixit [68] investigate the number of cases required to
produce an accurate model for a given machine—
tool-workpiece combination. Their work proposes a meth-
od of establishing the minimum number of training cases
required, in roughness modeling, for a good performance of
networks. Two issues that could receive more attention in
future research are the number of cases required to build a
model of certain precision and the influence of the
technique adopted to collect data.

Another classification can be made in regard to the
nature and number of model outputs. Figure 9 shows the
number of network outputs employed among reviewed
publications. For the most part, networks of only one output
are employed.

Figure 10 summarizes the nature of neural network
outputs in use. Roughness average is employed to measure
surface roughness in 41 works, accounting for about 90%
of the total. In addition to roughness average, neural
networks are commonly applied to predict some other
parameters of interest. An example can be found in Davim
et al. [25] who developed ANN models to predict peak-to-
valley roughness (R;). As a measure of the process
performance, Mandal et al. [84] consider material removal
rate, tool wear, and surface roughness. Sarkar et al. [83]
proposed a model for the EDM process that adopted as
model outputs cutting speed, surface roughness, and wire
offset.
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Outputs appearing only once were grouped together
under the label “Others.” Those outputs include maximum
roughness, ten point average roughness, depth of cut, wire
offset (in EDM process), fractal parameters, production
rate, cost, power consumption, tool wear rate, and machin-
ing time.

7 Model selection and fitting

Model selection and fitting consist of choosing one or more
forecasting techniques and estimating model parameters in
order to fit it to data [64]. After data are collected, it is
necessary to select, or specify, the neural network to be
used. Network designers choose the learning paradigm to
be employed as well as the network architecture and the
neuron activation function to be used. The concept of
fitting, for its turn, when applied to ANNs, corresponds to
the definition of a suitable network topology, to the training
it will be submitted to learn the relationship between inputs
and outputs, and to the data analysis conducted to establish
model fitness.

Researchers have at their disposal several options for
model selection. The first step is the definition of the
learning scheme and of the architecture to be used.
Figure 11 shows the number of times a given ANN type
appears among publications reviewed. Because some
papers employ more than one type of network in order to
compare their performances, the total number of appear-
ances exceeds 45.

Figure 11 reveals that networks of MLP architecture,
found in 39 works, are used in the vast majority (87%) of
the papers. RBFs are adopted in eight publications (around
18%). It is remarkable that among papers reviewed,
networks of unsupervised learning paradigms are scarcely
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Fig. 9 Number of network outputs along reviewed publications
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Fig. 10 Nature of network model outputs along reviewed publications

employed. While the use of MLPs and RBFs (examples of
supervised and hybrid learning paradigms, respectively) is
widespread, only three publications employ unsupervised
learning networks. An example can be found in Balic [74]
where self-organizing maps (SOM) [40, 93] are employed
as part of a bigger network array to generate part programs
for milling and drilling on machining centers. Polynomial
networks [94], another type of unsupervised learning
network, are proposed for roughness modeling by Chang
and Lu [21] and Ali-Tavoli et al. [91]. For data clustering in
situations where classes are unknown, neurocomputing
theory recommends unsupervised networks. Remaining an
underexplored branch of the literature is the applicability of
unsupervised network paradigms, for roughness classifica-
tion, in special architectures such as SOM or ART (adaptive
resonance theory networks) [95, 96].
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Regarding the activation function in use with networks
of MLP architecture, 11 publications make exclusive use of
the hyperbolic tangent sigmoid function. Seven papers
choose to use the logistic sigmoid function. Two papers
compare their effect on network accuracy and 19 publica-
tions make no mention of the activation function in use.
Although there is no evidence of difference in performance
linked to the activation function employed in MLPs,
Haykin [32] affirms that the hyperbolic tangent function,
due to its symmetrical shape, can lead to a faster
convergence in training. Publications working with RBF
architecture make explicit use of Gaussian function, as seen
in [49, 69, 80, 85] or do not specify the activation function
employed.

After the neural network model is selected, its parame-
ters must be fitted. Once again, many options are available

2
—

Polynomial
networks

SOM

Network architecture

Fig. 11 Number of appearances of distinct network architectures along reviewed publications

@ Springer



Int J Adv Manuf Technol (2010) 49:879-902

893

in terms of topology definition, learning algorithms,
training strategies, and fitness evaluation.

Topology definition is the most frequently reported
problem. Authors involved with roughness prediction with
ANNSs repeatedly cite a disadvantage being the lack of
systematic procedures to efficiently design networks.
Correa et al. [17] declare, “There are no principled methods
of choosing the network parameters (number of hidden
layers, number of nodes in the hidden layers, form of
activation functions).” Similar observations are found in
Dhokia et al. [57] and Zhong et al. [29]. The choice of
suitable design parameters is essential to a well-performing
network. It is therefore important to analyze how the issue
is dealt with. The treatments given to network topology
definition along the reviewed publications are summarized
in Fig. 12.

As seen in Fig. 12, six distinct approaches can be found.
Trial and error, the most common approach, shows cause
for complaints about the lack of systematic design
procedures. It is employed in 19 papers (about 42% of the
total), as for instance in [13], for MLPs, and in [69] and
[80] for RBFs.

Authors propose their own methods for topology
definition in four publications. In Jesuthanam et al. [78], a
genetic algorithm was used for choosing optimized initial
weights to be given as inputs to a particle swarm
optimization algorithm, which was in turn used for
searching optimal synaptic weights. The weights were
applied to the neural network and the average error
compared to the expected result. The cycle was repeated
until a best fit was observed. Tansel et al. [87] applied
genetic algorithms in the search for optimized network
topologies for predicting machining parameters (roughness

20

included) in micro-machining operations. Sharma et al. [9]
offers a rather odd approach where the subject of
optimization is the number of training epochs itself. It
resulted in poor results of roughness prediction.

Four studies attempt to optimize network parameter
using a “one-at-a-time” strategy in which factors are varied
individually: Mollah and Pratihar [85], who employed RBF
networks for modeling in AFM, Mandal et al. [84], Fred;
and Amamou [30], and Kohli and Dixit [68].

In three other papers, optimization is only mentioned,
but actual optimization procedures are not detailed. Seven
papers present only the “best” topology; configuration
parameters such as number of hidden layers, number of
neurons in hidden layers, or training algorithms are fixed
with no justification. Finally, in eight publications, not even
the best topology is presented.

Some observations can be made about this topic. Given
the impact of network topology on the overall model
performance, the fact that networks are designed by trial
and error in almost half of the publications suggests that
roughness models obtained in those studies can be far from
optimal. The same can be said about models presented with
no objective evidence of optimization. “One-at-a-time”
strategies are not ideal for network design either; they can
lead to suboptimal solutions and are unable to detect
interactions among design factors involved [65]. The worst
situation, however, happens in those cases where not even
the best topology is presented. This absence thwarts any
possibility of reproducing the results and renders useless
the conclusions obtained.

In order to take advantage of the full potential of ANNs
for modeling, more effort should be spent on efficient
network design. A deeper understanding of neurocomput-
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Fig. 12 Topology definition approaches adopted along reviewed publications
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ing principles is required for this task. One interesting
example on the subject, from another field of research, are
the works of Balestrassi et al. [97] and Queiroz et al. [98]
who successfully employed the DOE methodology in the
design of MLP networks for time series forecasting in
applications related to the electric energy sector. In
Guimaraes et al. [99] and Guimardes and Silva [100],
neural networks were employed to model the discoloration
of acid orange 52 dye in the presence of H,O, by photo-
oxidation. The authors proposed the use of the Garson
partition method [101] to quantify the influence of
independent variables associated to each input neuron on
the outcome of the process.

After defining topology, it is necessary to define how
training will be performed. In only two publications, [22]
and [85], could mention be found of the training mode in
use for MLPs. In these, two batches training mode was
used. The training algorithms in use for MLP networks are
displayed in Fig. 13. Twenty-four papers make use of the
standard backpropagation algorithm [41] (indicated as BP
in the figure). An example can be found in Karayel [13].
BP is the foremost training algorithm for MLPs, being used
as the didactical example in most neurocomputing text-
books. It is simple and stable, but very slow and prone to
get trapped in local minima.

Many other algorithms were proposed for MLP training
in order to increase speed of convergence and accuracy, as
were, for instance, the Levenberg—Marquadt [102] and
Newton-based methods [103]. The use of alternative
algorithms for MLP training should be encouraged among
researchers. Among the reviewed works, the Levenberg—
Marquadt (quoted as LM in Fig. 3) algorithm is employed
in eight papers, as in Basheer et al. [8] and Ezugwu et al.
[16], always with good results. In one paper [77], a Newton
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algorithm is adopted. Three papers propose new approaches
for training [13, 71, 78], and in three others, the choice of
training algorithm is unclear.

The training of an MLP should ideally reduce the
network error on the training set and stop when the point
of minimum on error surface is reached. The criteria
adopted for interruption of the training phase for multilayer
perceptrons are distributed among the papers as shown in
Fig. 14.

Four publications made use of the early stopping
technique [16, 24, 57, 82]. It is widely used, according to
Haykin [32], and consists of periodically checking the
network error against a validation set during training.
Training is interrupted when minimum error is achieved.
The criteria adopted to finish training among the remaining
works were unable to guarantee minimum error. In five
works, training was stopped after a prespecified error in
estimation set was reached. Seven studies interrupted
training after a certain number of training epochs. Four
others established a fixed time limit for training. In five
publications, a trade-off criterion was adopted, and 14
works made no mention of the policy adopted to interrupt
training.

In addition to previous recommendations, neurocomput-
ing authors suggest the use of techniques to optimize the
use of training sets, such as K-fold cross-validation [32,
104]. The use of such a technique could be observed only
in Correa et al. [17].

Following the aforementioned steps, it is necessary to
select a network model. The selection of a network is based
on the analysis of error figures obtained from the end of
training phase. Networks presenting minimum error in
training are selected and then submitted to validation tests.
Here, their accuracy, precision, and generalization capabil-
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Fig. 13 Algorithms employed to train MLP networks
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Fig. 14 Criteria adopted to stop training in publications using MLP networks

ities will be estimated using data not presented to the
network heretofore. Distinct figures are used among
the papers reviewed for network selection and to express
the accuracy of the final model, as can be seen in Figs. 15
and 16.

In Figs. 15 and 16, MSE stands for mean square error,
RMSE stands for root mean square error, and SSE stands
for sum of square errors. In those figures, papers that
express accuracy using absolute mean error or mean error
in percentage were grouped together under the label “Mean
error.” Error figures involving square errors are seen to be
prevalent for the selection of network architectures. This is
due to the fact that error functions employed in training
algorithms are mostly quadratic. On the other hand, mean
error figures are prevalent in the reviewed works as the
estimate for model accuracy or to compare the performance
of neural network models to that of models obtained by

other methods. Such figures are adopted in 25 publications
(about 56% of the total).

8 Model validation

The ultimate goal of a model is to provide accurate and
reliable forecasts about variables of interest. The utilization
of a model in practical situations, therefore, requires the
evaluation of the extent to which the model represents the
underlying phenomena. This is accomplished by means of
model validation. As defined by Montgomery et al. [64],
validation consists of assessing model performance in the
intended application. It implies, according to the authors,
having objective estimates of the amount of error expected
when the model forecasts fresh data. In addition, a model
should lend itself to peer validation and reuse.
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Fig. 15 Error figures adopted for network selection
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Assessing the reliability associated with a model requires
two things: (1) independent validation tests after training
and (2) statistical treatment of test results. The reusability of
a model can be achieved by including in the paper
information on how to reconstruct the model as well as
data and experimental conditions employed to train and test
the networks.

A basic technique in modeling, according to Montgom-
ery et al. [64], is the use of distinct data sets for model
fitting and validation (data splitting). It is necessary in
assessing the performance of a model when exposed to new
data and in comparing distinct models. The concept, when
applied to ANNSs, corresponds to splitting available data
into training and test sets. The concept also constitutes one
of the elementary practices in neurocomputing. Figure 17
shows how the issue is dealt with among the reviewed
publications. In approximately 84% of the works reviewed,
the use of distinct sets is clearly established. In five works
(or 11% of the total), the same data set is wrongly applied
to train and to test the networks, and in two studies, that
distinction is unclear.

40 38
35
30
25
20
15
10

Number of publications

Yes

Error figure

A problem to avoid in the work with ANNs is the onset
of overfitting. It is a phenomenon that leads to a reduction
in the generalization capability of a network. It can arise as
the result of overtraining or as a consequence of the
adoption of an excessive complex topology. Some strate-
gies are available to deal with the problem. The most
common, according to Haykin [32, 41], is the use of a basic
form of cross-validation [104] which consists of splitting
data in three subsets: estimation, validation, and test. The
estimation subset is used for network training. Periodically,
training is interrupted and the network is tested against the
validation subset until the validation error reaches a
minimum and starts to increase. The network configuration
at the point of minimum is restored, the training phase
interrupted, and the network is then submitted to predict the
test set. It corresponds, in practice, to the already mentioned
early stopping technique. The use of such a scheme among
the reviewed papers is displayed in Fig. 18.

The figure shows that only 20% of the papers make use
of a third data set. An example can be found in Sharma et
al. [9]. In that work, 30 examples are used for training, four

5
2
1 o
No Unclear

Approach adopted

Fig. 17 Use of distinct data sets for network training and test
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Fig. 18 Use of a third validation set for network selection

for validation, and 17 are reserved to be used as an
independent test set. Note that among the publications,
other techniques for preventing overfitting are hardly
discussed. Bayesian regularization techniques [105] were
employed in only five cases [8, 10, 16, 30, 50]. The use of
pruning techniques [106] was not observed.

An important contribution to ANN modeling in machining
processes was given by Sick [45] in his prolific review about
the use of ANNs for tool wear monitoring in turning
operations. In addition to the two issues discussed earlier,
Sick enlisted some important practical requirements for
model validation. The author recommended the repetition
of experiments with a given network topology in order to
reduce stochastic influences linked, for example, to randomly
initialized weights, to random sequences of training patterns,
or to random partitions of data. Those factors modify the
initial point and the trajectory described by a network over
error surfaces along training, as seen in Haykin [90], thus
introducing a random component to the fitting process. It is
necessary to acquire statistically significant samples of a
network in order to assess its modeling properties. The
repetition of experiments can be clearly detected in only
eight publications, including Kohli and Dixit [68] who
conducted ten repetitions for each topology being tested.

Another requirement for model validation is the estima-
tion of the accuracy and dispersion of the ANN model and
their expression in terms of statistical figures. Authors
recommend models to be delivered with estimates such as
mean error, variance, confidence intervals, or prediction
intervals [33, 45]. This practice is almost never followed.
Rare examples are found in Sonar et al. [69] and Kohli and
Dixit [68]. An additional point to remember is the fact that
not only network errors but also the amount of error in data
collection impacts the overall model accuracy. Estimates of
error in data collection should be presented along with
those of networks. Among the 45 publications reviewed,
not one adopted this approach.

The application of statistical tests to compare networks
with distinct structures, input features, or training algo-

rithms is yet another condition to sustain conclusions
obtained in research with neural networks. As mentioned
by Sick [45], “a decision in favour of or against a certain
number of hidden neurons should be based on an
appropriate number of repetitions of the experiments and
on a comparison of the results of these repetitions by means
of a statistical test.” The practice is also recommended by
the author for comparisons between ANN models and
models obtained by other methods. The lack of objective
evidence on model accuracy can raise doubts about the
validity of conclusions obtained in a study. In only ten
publications, or about 22% of the total, the application of
any statistical test was observed. A good approach is found
in the work of Al-Ahmari [42]. To compare errors in
roughness prediction of models obtained by regression
analysis, response surface methodology, and neural net-
works, in hard turning of austenitic AISI 302 steel, he
employed paired ¢ tests and F tests. The same author
compared the dispersion of each model by means of Levene
tests.

There is one problem found regularly in the publications
proposing to compare distinct networks or to compare
networks to other models. This problem is that in most of
them, no systematic effort is made in order to optimize the
ANN model. Such an effort could dramatically change the
results obtained. One is left to wonder whether the result of
a comparison is just the outcome of a poor choice of
network topology. This is yet another issue that may lead to
mistaken conclusions in regard to algorithms, architectures,
or to the very use of networks as an option for roughness
modeling.

In addition to issues related to the validation process,
also evaluated were aspects regarding the reproducibility of
a model. Reproducibility of results is implied by results
being included in papers. Though this seems obvious, it is
not always the case in works dealing with this subject. As a
matter of fact, in 53% of the publications reviewed,
network results in training and tests are expressed only in
graphical format, making reproduction impracticable.
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Another common problem is the lack of the data sets used
for training and testing the networks. In some papers, it is
not even clear how many examples were employed as
training cases or as testing cases.

The reproduction of a study comprises also the ability to
reconstruct the ANN model proposed. Unlike models
obtained by methods such as multiple regression analysis,
neural networks require more information to be rebuilt. The
reconstruction of an ANN involves the knowledge of the
architecture employed, the number of neurons in each layer,
the nature of every input and output, the input and output
modulation schemes, the activation function employed in
each neuron, and the values of all synapses across the
network. A text should clearly provide all this information.
In case the final values of weights are not given, which is
usually the case, it becomes necessary to provide the initial
distribution of weights, the algorithm and training mode
applied, the criteria adopted to interrupt training, and the
regularization techniques, if any, employed.

Other basic neurocomputing practices are often overlooked
among works reviewed. The initialization of weights is an
important issue for network convergence, as mentioned by
Haykin [90]. The author recommends weights to be uniformly
distributed inside a small range. Only five publications
mention the approach adopted to initialize weights. In [24,
76, 84] Nguyen—Widrow [104] rule is employed, in agreement
with recommended practices. In [80], initial weights are all set
to the same value, and in [78], a genetic algorithm is
employed to define initial weights. In addition to initialization,
authors recommend the order of presentation of training
examples to be randomized during training cycles. No clear
mention of such a practice could be found.

On the other hand, some misconceptions can be found.
In one paper, authors add more neurons to the hidden
layers, assuming that more neurons will necessarily imply
fewer errors. In another one, in an example of a wrong
conception of the generalization capability, validation tests
using cases located outside the trained domain were
applied, obviously leading to poor results.

The analysis of each categorization carried out from
Figs. 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, and 17
clearly provides some insights. In Fig. 4, the average
number of reviewed works dating from 2000 to 2004 is 1.4
and jumps to 7.6 when the period of 2005 to 2009 is
considered. Figure 5 shows the overwhelming prevalence
of works dealing with turning and milling. The two
processes together account for 71% of all works found on
the subject. Figure 6 demonstrates the dominance of
networks having three to five inputs which account for
75% of the applications. In Fig. 7, the conclusion to be
drawn is that cutting speed, feed, and depth of cut constitute
the bulk of the predictors employed for modeling rough-
ness. Together, they account for 67% of all inputs employed
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for prediction, while the other inputs are scattered in 26
distinct categories. Results from DOE or experiments
resembling DOE are employed in 62%, as shown in
Fig. 8, mainly because researches want to take advantage
of previously obtained experimental results to train and
select networks and then carry out comparisons between
least square-based methods and ANN predictors. On
account of Fig. 9, it is clear that single output networks
are preferred in practice (64% of the total). Roughness
average (R,) is the preferred figure to express roughness, as
shown by Fig. 10, appearing in 54% of the works studied.
The dominance of MLP networks, which appear in 86% of
the reviewed papers (as seen in Fig. 11), has already been
mentioned. A striking finding, as observed in Fig. 12, is
that 42% of the networks are designed by trial and error and
that systematic optimization efforts can be clearly estab-
lished in only 7% of the papers. Another result is the
preference given to BP algorithm for the training of MLPs
shown in Fig. 13, employed in more than half (53%) of the
papers using the referred ANN architecture. The analysis of
Fig. 14 indicates that the approach used to stop MLP
training greatly varies. The techniques used are scattered in
seven categories, with no individual approach reaching
more than 18% of the works involving that kind of
network. It is remarkable that the technique used is not
mentioned in 36% of MLP-based studies. Figure 15 reveals
how prevalent the use of square error figures to network
selection is. MSE, RMSE, and SSE hold 57% of the total.
Mean error-based figures are the preferred choice to express
final ANN model accuracy, as observed in Fig. 16. Those
figures are adopted in 55% of the investigated works. A
final finding can be drawn from Fig. 17 which shows that
the use of distinct sets for training and selection is explicitly
adopted in the vast majority (84%) of the research works, in
agreement with neurocomputing theory.

The construction of good ANN models is a complex and
demanding task when compared to other modeling techni-
ques. This is the trade-off for the superior computing
capability of an artificial neural network. The present analysis
suggests that great improvement could be made on works
produced on the subject, if basic requirements in neuro-
computing were observed, and possibilities offered by the
technique were better explored. It shows that in many works,
inadequate treatment is given to model validation. Moreover,
confidence in the use of ANN models could be substantially
improved where data and information required to reproduce
results and networks are provided by the papers.

9 Conclusions

A review of several publications dealing with surface
roughness modeling in machining processes by means of
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artificial neural networks was conducted. The objective was
to identify common approaches adopted by authors and to
evaluate the adherence to requirements concerning model
elaboration, fitting, and validation. As references, concepts
and practices recommended by authors from both neuro-
computing and statistic fields were adopted.

The review shows that most of the work in the area aims
to predict average surface roughness (R,). Cutting con-
ditions are employed as network inputs in virtually all
publications. Most of training cases originate from results
of experiments planned according to DOE methodology or
at least results from experimental arrangements resembling
those from DOE. The use of other approaches for data
collection is uncommon. Little attention is paid to efficient
use of training sets. Practices like cross-validation are not
common. Efforts to determine the minimum number of
training cases necessary to make neural models outperform
other modeling approaches for machining processes are
extremely rare. Those are issues that could be further
investigated by researchers.

A vast majority of the publications make use of
supervised learning networks of MLP architecture, trained
by the backpropagation algorithm. Networks of RBF
architecture are a distant second. Only a few papers use
networks of the unsupervised learning paradigm. There is
an open field for studies aiming to investigate the
applicability and efficiency of unsupervised learning,
distinct network architectures, and training algorithms for
the task of roughness prediction.

In roughness modeling with ANNSs, researchers point to
the main problem being the definition of optimal network
topologies. Trial and error follows as the most frequent
approach for topology definition. Optimization efforts can
be detected in a small number of publications, and in many
works, only the “best” network configuration is presented.
Comparisons between topology definition approaches could
not be found. Given the particular characteristics of neuro-
computing and the scant attention paid to network
optimization in the articles reviewed, it seems probable
that there are suboptimal results among the articles
reviewed.

In regard to model validation, most of the publications
clearly observe the principle of using distinct sets of data to
train and test the network to measure its generalization
capability, that distinction being neglected or unclear in
some works. On the other hand, the use of a third data set
for validation, recommended by some authors as a way to
prevent overfitting, can be found in only a few studies. The
use of regularization techniques is rare and the practice of
pruning was not observed.

An important requirement concerning validation, the
repetition of experiments with a given network topology,
was found in a small fraction of reviewed works. The use of

statistical evaluation to compare trained networks, or to
compare networks of different paradigms, could be found in
only about a fifth of the works reviewed. There is also a
lack of statistical evaluation in comparisons between ANN-
based models and models obtained by other methods. The
estimation of accuracy and precision of ANN models are
other points requiring further attention. In only a reduced
group of papers were tests conducted and error estimates
presented. Additional problems were detected in regard to
model reusability. In some works, prediction results are
presented only in a graphical way. It was also observed that
many papers lack basic information that would allow
reproduction of results obtained. Papers should include
training and test sets employed, results obtained in
numerical format, and the specifications of the resulting
network models.

The failure to meet such requirements can compromise
the validity and sustainability of conclusions obtained. It
does not allow the assessment of how efficient neural
networks can be in the task of roughness prediction in
machining processes and how they compare to other
modeling approaches.

Accurate and reliable models are becoming more and
more necessary to quickly acquire knowledge of operations
involving new tools and materials. Neural networks are a
suitable tool for the task. Their use, however, depends on
the objective assessment of their potential and on the
identification of systematic and efficient ways to deliver
neural models of high performance. The conclusion of this
review is that while many works have been produced on the
subject, there is still a great need for methodology
improvement. Future works should be more deeply rooted
in neurocomputing concepts, devote more effort to network
optimization; they should be validated on firmer statistical
grounds, and, finally, be more careful about presentation of
results obtained. Those characteristics will be essential to
obtaining models possessing the qualities expected by
manufacturers and to establish confidence in the use of
ANN modeling by the machining industry.

Acknowledgments The authors would like to express their gratitude
to FAPEMIG, CAPES, and CNPq for their support in this research.

References

1. Karpat Y, Ozel T (2007) Multi-objective optimization for turning
processes using neural network modeling and dynamic-
neighborhood particle swarm optimization. Int J Adv Manuf
Technol 35:234-247

2. Cus F, Zuperl U (2006) Approach to optimization of cutting
conditions by using artificial neural networks. J Mater Process
Technol 173:281-290

3. Singh D, Rao PV (2007) A surface roughness prediction model
for hard turning process. Int ] Adv Manuf Technol 32:1115-1124

@ Springer



900

Int J Adv Manuf Technol (2010) 49:879-902

10.

11.

12.

14.

16.

17.

18.

19.

20.

21.

22.

23.

. Kumar Reddy NS, Rao PV (2005) Selection of optimum tool

geometry and cutting conditions using a surface roughness
prediction model for end milling. Int J Adv Manuf Technol
26:1202-1210

. Paiva AP, Paiva EJ, Ferreira JR, Balestrassi PP, Costa SC (2009) A

multivariate mean square error optimization of AISI 52100
hardened steel turning. Int J Adv Manuf Technol 43(7-8):631-643

. Tamizharasan T, Sevaraj T, Haq AN (2006) Analysis of tool

wear and surface finish in hard turning. Int ] Adv Manuf Technol
28:671-679

. Ambrogio G, Filice L, Shivpuri R, Umbrello D (2008)

Application of NN technique for predicting the in-depth residual
stresses during hard machining of AISI 52100 steel. Int J
Material Forming 1:39-45

. Basheer AC, Dabade UA, Suhas SJ, Bhanuprasad VV (2008)

Modeling of surface roughness in precision machining of metal
matrix composites using ANN. J Mater Process Technol
197:439-444

. Sharma VS, Dhiman S, Sehgal R, Sharma SK (2008) Estimation

of cutting forces and surface roughness for hard turning using
neural networks. J Intell Manuf 19:473-483

Ozel T, Karpat Y (2005) Predictive modeling of surface
roughness and tool wear in hard turning using regression and
neural networks. Int J Mach Tools Manuf 45:467—479
Benardos PG, Vosniakos GC (2003) Predicting surface rough-
ness in machining: a review. Int J Mach Tools Manuf 43:833—
844

Oktem H (2009) An integrated study of surface roughness for
modelling and optimization of cutting parameters during end
milling operation. Int J Adv Manuf Technol 43(9—10):852-861

. Karayel D (2009) Prediction and control of surface roughness in

CNC lathe using artificial neural network. J Mater Process
Technol 209:3125-3137

El-Mounayri H, Kishawy H, Briceno J (2005) Optimization of
CNC ball end milling: a neural network-based model. J Mater
Process Technol 166:50-62

. Coit DW, Jackson BT, Smith AE (1998) Static neural network

process models: considerations and case studies. Int J Prod Res
36(11):2953-2967

Ezugwu EO, Fadare DA, Bonney J, Da Silva RB, Sales WF
(2005) Modelling the correlation between cutting and process
parameters in high-speed machining of Inconel 718 alloy using
an artificial neural network. Int J] Mach Tools Manuf 45:1375—
1385

Correa M, Bielza C, Pamies-Teixeira J (2009) Comparison of
Bayesian networks and artificial neural networks for quality
detection in a machining process. Expert Systems Appl 36
(3):7270-7279

Caydas U, Hasgalik A (2008) A study on surface roughness in
abrasive waterjet machining process using artificial neural
networks and regression analysis method. J Mater Process
Technol 202(1-3):574-582

DIN4760 (1982) Form deviations: concepts; classification
system. Deutches Institut Fuer Normung, Ev, Berlin

Oktem H, Erzurumlu T, Erzincanli F (2006) Prediction of
minimum surface roughness in end milling mold parts using
neural network and genetic algorithm. Mater Des 27:735-744
Chang CK, Lu HS (2006) Study on the prediction model of
surface roughness for side milling operations. Int J Adv Manuf
Technol 29:867-878

Pal SK, Chakraborty D (2005) Surface roughness prediction in
turning using artificial neural network. Neural Comput Appl
14:319-324

Erzurumlu T, Oktem H (2007) Comparison of response surface
model with neural network in determining the surface quality of
moulded parts. Mater Des 28:459—465

@ Springer

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

3s.

36.

37.

38.

39.

40.

41

42.

43.

44,

45.

46.

47.

48.

Benardos PG, Vosniakos GC (2002) Prediction of surface
roughness in CNC face milling using neural networks and
Taguchi’s design of experiments. Robot Comput Integr Manuf
18:343-354

Davim JP, Gaitonde VN, Karnik SR (2008) Investigations into
the effect of cutting conditions on surface roughness in turning
of free machining steel by ANN models. J Mater Process
Technol 205:16-23

ISO 4287:1997/Cor 2:2005 (2005) Geometrical product specifi-
cations (GPS)—surface texture: profile method—terms, defini-
tions and surface texture parameters. International Organization
for Standardization

ISO 1302:2002 (2002) Geometrical product specifications (GPS)—
indication of surface texture in technical product documentation.
International Organization for Standardization

Whitehouse DJ (1994) Handbook of surface metrology. Institute
of Physics Publishing, Bristol

Zhong ZW, Khoo LP, Han ST (2006) Prediction of surface
roughness of turned surfaces using neural networks. Int J Adv
Manuf Technol 28:688-693

Fredj NB, Amamou R (2006) Ground surface roughness
prediction based upon experimental design and neural network
models. Int ] Adv Manuf Technol 31:24-36

Fang XD, Safi-Jahanshaki H (1997) A new algorithm for
developing a reference model for predicting surface roughness
in finish machining of steels. Int J Prod Res 35:179-197
Haykin S (2008) Neural networks and learning machines, 3rd
edn. Pearson Prentice Hall, New Jersey

Bishop CM (2007) Pattern recognition and machine learning, 1st
edn. Springer Business-Media, New York

McCulloch WS, Pitts W (1943) A logical calculus of the ideas
immanent in nervous activity. Bull Math Biophys 5:115-133
Hebb DO (1949) The organization of behavior. Wiley, New York
Rosenblatt F (1958) The perceptron: a probabilistic model for
information storage and organization in the brain. Psychol Revue
65:386-408

Widrow B, Hoff ME (1960) Adaptative switching circuits.
Institute of Radio Engineers, Western Electronic Show and
Convention

Minksy M, Papert S (1969) Perceptrons: an introduction to
computational geometry. MIT Press, Massachussets

Hopfield JJ (1982) Neural networks and physical systems with
emergent collective properties. Proc Natl Acad Sci 79:2554—
2558

Kohonen T (1982) Self-organized formation of topologically
correct feature maps. Biol Cybern 43:49-59

. Rumelhart DE, Hinton GE, Williams RJ (1986) Learning

representations by back-propagating errors. Nature 323:533-536
Al-Ahmari AMA (2007) Predictive machinability models for a
selected hard material in turning operations. J Mater Process
Technol 190:305-311

Broomhead DS, Lowe D (1988) Mulvariable function interpo-
lation and adaptive networks. Complex Syst 2:321-355

Bishop CM (1995) Neural networks for pattern recognition, 1st
edn. Oxford University Press, New York

Sick B (2002) On-line and indirect tool wear monitoring in
turning with artificial neural networks: a review of more than a
decade of research. Mech Syst Signal Process 16(4):487-546
Ezugwu EO, Arthur SJ, Hines EL (1995) Tool-wear prediction
using artificial neural networks. J Mater Process Technol
49:255-264

Chao PY, Hwang YD (1997) An improved neural network model
for the prediction of cutting tool life. J Intell Manuf 8:107—117
Chien WT, Chou CY (2001) The predictive model for
machinability of 304 stainless steel. J Mater Process Technol
118:442-447



Int J Adv Manuf Technol (2010) 49:879-902

901

49.

50.

S1.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Tsai KM, Wang PJ (2001) Predictions on surface finish in
electrical discharge machining based upon neural network
models. Int J Mach Tools Manuf 41:1385-1403

Ozel T, Karpat Y, Figueira L, Davim JP (2007) Modelling of
surface finish and tool flank wear in turning of AISI D2 steel
with ceramic wiper inserts. J Mater Process Technol 189:192—
198

Assarzadeh S, Ghoreishi M (2008) Neural-network-based mod-
eling and optimization of the electro-discharge machining
process. Int ] Adv Manuf Technol 39:488-500

Hossain MI, Amin AKMN, Patwari AU (2008) Development of
an artificial neural network algorithm for predicting the surface
roughness in end milling of Inconel 718 Alloy, IEEE ICCCE
2008. Proceedings of the International Conference on Computer
and Communication Engineering 2008, May 13-15, 2008, Kuala
Lumpur, Malaysia, pp 1321-1324

Panda SS, Mahapatra SS (2009) PCA fused NN approach for
drill wear prediction in drilling mild steel specimen, IEEE
ICCSIT 2009. Proceedings of the 2nd IEEE International
Conference on Computer Science and Information Technology,
August 8-11, 2009, Beijing, China, pp 85-89

Gao H, Xu M, Su YC, Fu P, Liu Q (2008) Experimental study of
tool wear monitoring based on neural networks, intelligent
control and automation, IEEE WCICA 2008. Proceedings of
the 7th World Congress on Intelligent Control and Automation,
June 25-27, 2008, Chongqing, China, pp 69066910

Huang BP, Chen JC, Li Y (2008) Artificial-neural-networks-
based surface roughness Pokayoke system for end-milling
operations. Neurocomputing 71:544-549

Nalbant M, Gokkaya H, Toktas I, Sur G (2009) The experimen-
tal investigation of the effects of uncoated, PVD- and CVD-
coated cemented carbide inserts and cutting parameters on
surface roughness in CNC turning and its prediction using
artificial neural networks. Robot Comput Integr Manuf 25:211—
223

Dhokia VG, Kumar S, Vichare P, Newman ST, Allen RD (2008)
Surface roughness prediction model for CNC machining of
polypropylene. Proc Inst Mech Eng B: J Eng Manuf 222:137—
153

Cervellera C, Wen A, Chen VCP (2007) Neural network and
regression spline value function approximations for stochastic
dynamic programming. Comput Oper Res 34:70-90

Karnik SR, Gaitonde VN, Davim JP (2008) A comparative study
of the ANN and RSM modeling approaches for predicting burr
size in drilling. Int J Adv Manuf Technol 38(9-10):868—883
Bagci E, Isik B (2006) Investigation of surface roughness in
turning unidirectional GFRP composites by using RS methodol-
ogy and ANN. Int ] Adv Manuf Technol 31:10-17

Zanchettin C, Minku FL, Ludermir TB (2005) Design of
experiments in neuro-fuzzy systems, IEEE HIS 2005. Proceed-
ings of the Sth International Conference on Hybrid Intelligent
Systems, December 6-9, 2005, Rio de Janeiro, Brazil, pp 218—
226

Mohana Rao GK, Rangajanardhaa G, Hanumantha Rao D,
Sreenivasa Rao M (2009) Development of hybrid model and
optimization of surface roughness in electric discharge machin-
ing using artificial neural networks and genetic algorithm. J
Mater Process Technol 209:1512—1520

Ortiz-Rodriguez JM, Martinez-Blanco MR, Vega-Carrillo HR
(2006) Robust design of artificial neural networks applying the
Taguchi methodology and DOE, IEEE CERMA 2006. Proceed-
ings of the Electronics, Robotics and Automotive Mechanics
Conference, September 26-29, 2006, Cuernavaca, Morelos,
Mexico, 2:131-136

Montgomery DC, Jennings CL, Kulahci M (2008) Introduction
to time series analysis and forecasting. Wiley, Hoboken

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

82.

83.

84.

Montgomery DC, Runger GC (2007) Applied statistics and
probability for engineers, 4th edn. Wiley, Hoboken

Tsay R (2005) Analysis of financial time series, 2nd edn. Wiley-
Interscience, New York

Malakooti B, Raman V (2000) An interactive multi-objective
artificial neural network approach for machine setup optimiza-
tion. J Intell Manuf 11:41-50

Kohli A, Dixit US (2005) A neural-network-based methodology
for the prediction of surface roughness in a turning process. Int J
Adv Manuf Technol 25:118-129

Sonar DK, Dixit US, Ojha DK (2006) The application of a radial
basis function neural network for predicting the surface
roughness in a turning process. Int J Adv Manuf Technol
27:661-666

Sarma DK, Dixit US (2007) A comparison of dry and air-cooled
turning of grey cast iron with mixed oxide ceramic tool. ] Mater
Process Technol 190:160-172

Choudhury SK, Bartarya G (2003) Role of temperature and
surface finish in predicting tool wear using neural network
and design of experiments. Int J Mach Tools Manuf 43:747—
753

Lee SS, Chen JC (2003) On-line surface roughness recognition
system using artificial neural networks system in turning
operations. Int J] Adv Manuf Technol 22:498-509

Kumanan S, Jesuthanam CP, Ashok Kumar R (2008) Applica-
tion of multiple regression and adaptive neuro fuzzy inference
system for the prediction of surface roughness. Int J Adv Manuf
Technol 35:778-788

Balic J (2004) Neural-network-based numerical control for
milling machine. J Intell Robot Syst 40:343-358

Bruni C, d’Apolito L, Forcellese A, Gabrielli F, Simoncini M
(2008) Surface roughness modelling in finish face milling under
MQL and dry cutting conditions. Int J Material Forming 1
(1):503-506

El-Sonbaty IA, Khashaba UA, Selmy AI, Ali AI (2008)
Prediction of surface roughness profiles for milled surfaces
using an artificial neural network and fractal geometry approach.
J Mater Process Technol 200:271-278

Wang SG, Hsu YL (2005) One-pass milling machining param-
eter optimization to achieve mirror surface roughness. Proc Inst
Mech Eng B: J Engineering Manufacture 219:177-181
Jesuthanam CP, Kumanan S, Asokan P (2007) Surface roughness
prediction using hybrid neural networks. Mach Sci Technol
11:271-286

Sanjay C, Jyothi C (2006) A study of surface roughness in
drilling using mathematical analysis and neural networks. Int J
Adv Manuf Technol 29:846-852

Tsao CC, Hocheng H (2008) Evaluation of thrust force and
surface roughness in drilling composite material using Taguchi
analysis and neural network. J Mater Process Technol 203:342—
348

Kumar S, Choudury SK (2007) Prediction of wear and surface
roughness in electro-discharge diamond grinding. J Mater
Process Technol 191:206-209

Markopoulos AP, Manolakos DE, Vaxevanidis NM (2008)
Artificial neural network models for the prediction of surface
roughness in electrical discharge machining. J Intell Manuf
19:283-292

Sarkar S, Mitra S, Bhattacharyya B (2006) Parametric optimisa-
tion of wire electrical discharge machining of <y titanium
aluminide alloy through an artificial neural network model. Int
J Adv Manuf Technol 27:501-508

Mandal D, Pal SK, Saha P (2007) Back propagation neural
network based modeling of multi-responses of an electrical
discharge machining process. Int J Knowledge-based Intelligent
Engineering Systems 11:381-390

@ Springer



902

Int J Adv Manuf Technol (2010) 49:879-902

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

Mollah AA, Pratihar DK (2008) Modeling of TIG welding and
abrasive flow machining processes using radial basis function
networks. Int J Adv Manuf Technol 37:937-952

Asokan P, Ravi Kumar R, Jeyapaul R, Santhi M (2008)
Development of multi-objective optimization models for elec-
trochemical machining process. Int J Adv Manuf Technol 39:55—
63

Tansel IN, Ozcelik B, Baoa WY, Chen P, Rincon D, Yang SY,
Yenilmez A (2006) Selection of optimal cutting conditions by
using GONNS. Int J Mach Tools Manuf 46:26-35

Quiza R, Figueira L, Davim JP (2008) Comparing statistical
models and artificial neural networks on predicting the tool wear
in hard machining D2 AISI steel. Int J Adv Manuf Technol
37:641-648

Gao Q, Zhang Q, Su S, Zhang J (2008) Parameter optimization
model in electrical discharge machining process. Journal of
Zheijiang University SCIENCE A 9(1):104-108

Haykin S (1998) Neural networks—a compreensive foundation,
2nd edn. Prentice Hall, New York

Ali-Tavoli M, Nariman-Zadeh N, Khakhali A, Mehran M (2006)
Multi-objective optimization of abrasive flow machining pro-
cesses using polynomial neural networks and genetic algorithms.
Mach Sci Technol 10:491-510

Oraby SE, Al-Askari A, Al-Meshaiei EA (2004) Quantitative
and qualitative evaluation of surface roughness-tool wear
correlation in turning operations. Kuwait Journal of Science
and Engineering 31(1):219-244

Kohonen T (2001) Self organizing maps, 3rd edn. Springer,
Berlin

Ivakhnenko AG (1971) Polynomial theory of complex systems.
IEEE Trans Syst Man Cybern 1(4):364-378

Carpenter GA, Grossberg S (1987) A massively parallel
architecture for a self-organizing neural pattern recognition
machine. Comput Vis Graph Image Process 37:54—115

@ Springer

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

Carpenter GA, Grossberg S (1987) ART2: self-organization of
stable category recognition codes for analog input patterns. Appl
Optics 26(23):4919-4930

Balestrassi PP, Popova E, Paiva AP, Marangon Lima JW (2009)
Design of experiments on neural network’s training for nonlinear
time series forecasting. Neurocomputing 72(4—6):1160-1178
Queiroz AF, Oliveira FA, Marangon Lima JW, Balestrassi PP
(2007) Simulating electricity spot prices in brazil using neural
network and design of experiments, IEEE Power Tech 2007.
Proceedings of the International Conference on Power System
Technology, July 1-5, 2007, Lausanne, Switzerland, pp 2029-2034
Guimardes OLC, Chagas MHR, Filho DNV, Siqueira AF, Filho
HJI, Aquino HOQ, Silva MB (2008) Discoloration process
modeling by neural network. Chem Eng J 140:71-76
Guimaraes OLC, Silva MB (2007) Hybrid neural model for
decoloration by UV/H202 involving process variables and
structural parameters characteristics to azo dyes. Chem Eng
Process 46:45-51

Garson GD (1991) Interpreting neural network connection
weights. Artificial Intelligence Expert 6(7):47-51

Hagan M, Menhaj M (1994) Training feedforward networks with
the Marquadt algorithm. IEEE Trans Neural Netw 5(6):989—993
Battiti R (1992) First and second-order methods for learning:
between steepest descent and Newton's Method. Neural Comput
4(2):141-166

Nguyen D, Widrow B (1990) Improving the learning speed of 2-
layer neural networks by choosing initial values of the adaptive
weights. Proc International Joint Conference on Neural Networks
3:21-26

Foresee FD, Hagan MT (1997) Gauss—Newton approximation to
Bayesian learning. Proc International Joint Conference on Neural
Networks 2:1930-1935

Reed R (1993) Pruning algorithms—a survey. IEEE Trans
Neural Netw 4(5):740-746



	Artificial neural networks for machining processes surface roughness modeling
	Abstract
	Introduction
	Surface roughness
	Neural networks
	Surface roughness modeling with ANNs
	Characterization of reviewed works
	Problem definition and data collection
	Model selection and fitting
	Model validation
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <FEFF004a006f0062006f007000740069006f006e007300200066006f00720020004100630072006f006200610074002000440069007300740069006c006c0065007200200037000d00500072006f006400750063006500730020005000440046002000660069006c0065007300200077006800690063006800200061007200650020007500730065006400200066006f00720020006f006e006c0069006e0065002e000d0028006300290020003200300031003000200053007000720069006e006700650072002d005600650072006c0061006700200047006d006200480020>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


