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Machining is the most important part of the manufacturing process. Machining deals with the process 
of removing material from a work piece in the form of chips. Machining is necessary where tight 
tolerances on dimensions and finishes are required. The common feature is the use of a cutting tool to 
form a chip that is removed from the work part, called Swarf. Every tool is subjected to wear in 
machining. The wear of the tool is gradual and reaches certain limit of life which is identified when the 
tool no longer produce the parts to required quality. There are various types of wear a single point 
cutting tool may be subjected to in turning. Of these, flank wear on the tool significantly affects surface 
roughness. The other types of tool wears are generally avoided by proper selection of tool material and 
cutting conditions. On-line surface roughness measurements gained significant importance in 
manufacturing systems to provide accurate machining. The acoustic emission (AE) analysis is one of 
the most promising techniques for on-line surface roughness monitoring. The AE signals are very 
sensitive to changes in cutting process conditions. The gradual flank wear of the tool in turning causes 
changes in AE signal parameters. In the present work, investigations are carried for turning operation 
on mild steel material using high speed steel (HSS) tool. The AE signals are measured by highly 
sensitive piezoelectric element; the on-line signals are suitably amplified using a high gain pre-
amplifier. The amplified signals are recorded on to a computer and then analyzed using MATLAB. A 
program is developed to measure AE signal parameters like ring down count (RDC), signal rise time 
(SRT) and root mean square (RMS) voltage. The surface roughness is measured by roller ended linear 
variable probe, fitted and moved along with tool turret on a CNC lathe machine. The linear movements 
of probe are converted in the form of continuous signals and are displayed on-line in the computer. 
This paper proposes to monitor tool wear and surface roughness by acoustic emissions using belief 
networks. The feature vectors of AE analysis and machining time were used to train the network. The 
overall success rate of detecting tool wear and surface roughness is high with low error.  
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INTRODUCTION 
 
Bayesian belief networks are also known as belief 
networks, casual probabilistic networks,  casual  network, 
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Abbreviations: AE, Acoustic emission; RDC, ring down count; 
PCI, peripheral component interconnect; ADC, analog digital 
converter; DAC, digital analog converter; SRT, signal rise time; 
RMS, root mean square; CIM, computer integrated 
manufacturing; HSS, high speed steel. 

or graphical probability networks. These networks have 
attracted much attention recently as a possible solution to 
complex problems related to decision support under 
uncertainty. Although the underlying theory has been 
around for a long time, the possibility of building and 
executing realistic models has only been made possible 
because of recent improvements on algorithms and the 
availability of fast electronic computers. 

A Bayesian network or a directed acyclic graphical 
model is a probabilistic graphical model that represents a 
set of random variables and their conditional 
independencies using directed acyclic  graphs.  Formally, 
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Bayesian networks are directed acyclic graphs whose 
nodes represent random variables in the Bayesian sense. 
They may be observable quantities such as latent 
variables, unknown parameters or a hypothesis which 
represents conditional dependencies, and nodes which 
are not connected represent variables which are 
conditionally independent of each other. Each node is 
associated with a probability function that takes input as a 
particular set of values for the node's parent variables 
and gives the probability of the variable represented by 
the node. For example, if the parents are m Boolean 
variables, then the probability function could be 
represented by a table of 2m entries, one entry for each of 
the 2m possible combinations of its parents being true or 
false. Efficient algorithms exist that perform inference and 
learning in Bayesian networks. Bayesian networks that 
model sequences of variables are called dynamic 
Bayesian networks. Generalizations of Bayesian 
networks that can represent and solve decision problems 
under uncertainty are called influence diagrams. 

In machining, whether a tool needs to be changed, is 
decided either by a machine operator or by the life 
expectancy of the tool. The judgment of the machine 
operator is often based on the visual inspection of the 
tool and the surface finish produced on the work piece, 
both requiring a certain degree of skill. The decision 
based on tool-life expectancy suggests the idea of an 
average life for a class of tools calculated from previous 
data. For a particular machining condition, the tool 
manufacturer gives a recommended tool life for a given 
insert.  This practice of tool replacement based on fixed 
tool life may not be the most economical since a tool can 
be replaced prematurely or only after damage has been 
done. Consequently, besides the unnecessary wastage 
of some tools, the frequent tool changes cause higher 
machine down time, decreasing thereby the system 
productivity and increasing production costs. In 
manufacturing, cutting cost and improving product quality 
are the necessary measures to adopt in an increasingly 
competitive world. In addition to the developments within 
manufacturing technology leading to the machining of 
larger or complicated work pieces and the use of 
expensive materials, the need for condition monitoring of 
cutting tools becomes increasingly evident. For these 
reasons, quality and productivity requirements through 
international competition have forced many 
manufacturers to use automated monitoring systems. 
 
 
Literature review 
 
Machine tool automation is an important aspect for 
manufacturing companies facing the growing demands of 
profitability and high quality products as a key 
competitiveness. The purpose of supervising machining 
processes is to detect interferences that would have a 
negative effect on the process but mainly on the product 
quality   and   production   time.   In   the    manufacturing 

 
 
 
 
environment, the prediction of surface roughness is of 
paramount importance to achieve this objective. There 
are two different classifications methods, Bayesian 
networks and artificial neural networks, for predicting 
surface roughness in high speed machining (Feng and 
Wang, 2003). A variety of tool wear and failure sensing 
techniques have established the effectiveness of tool 
failure detection in the last few decades. Optical 
techniques have been used to measure the progress of 
tool wear by using a charge-coupled device (CCD) 
camera (Levi et al., 1985) or a TV camera (Sata et al., 
1979; Uehara, 1972). 

Detected tool wear by scanning chips with an electron 
microprobe analyzer for wear debris removed from the 
cutting edge. Cook (1980) used abraded radioactive wear 
particles; a small amount of radioactive material was 
implanted in the flank of the tool.  The spot was checked 
at the end of every cutting cycle. If the spot disappeared, 
the spot would be considered to be tool worn. Gomayel 
and Bregger ( 1986) used an electromagnetic sensor to 
measure the change in diameter of a work piece and 
converted it to the size of wear on the tool. 

The voltage output obtained from the electromagnetic 
sensor was directly related to the gap between the 
sensor and the work piece. Cutting forces have been 
used to relate to tool wear and tool breakage (Tlusty and 
Andrews, 1983; Lan and Dornfeld, 1984). Sadat and 
Raman (1987) detected flank wear by using the noise 
spectra resulting from the rubbing action of the tool with 
the work piece. It was found that the noise in the 
frequency range of 2.75 – 3.5 kHz significantly increased 
from 9 to 24 dB as the tool became worn. Motor current 
(Liao, 1974) and motor power (Constantinides and 
Bennett, 1987) of the spindle was investigated for tool 
wear and tool breakage sensing (Turkovich and Kramer, 
1986; Lin, 1995). 
 
 
METHODOLOGY 
 
The Methodology consists of the experimental set-up on CNC lathe 
machine. The job material mild steel is chosen and cutting tool is of 
HSS. The optimal cutting parameters like speed, feed and depth of 
cut are found by conducting number of trails at various speeds, 
feeds and depth of cut values. The linear variable differential 
transducer (LVDT) is mounted on the tool turret. It consists of a 
mechanical probe with high strength roller end made-up of 
hardened steel with nylon. As the cutting tool moves, the probe also 
moves along the machined surface. Thus it scans the entire surface 
in machining. 

 The deviations of the probe are displayed on digital display 
meter through signal converter. The signal converter consists of a 
series of filters, a 3-way phase detector with which positive and 
negative deviations are set and displayed on digital analyzer. The 
junction card takes the output from the signal converter and 
transforms the voltage within the acceptable limits of the computer. 
The data acquisition card takes the input from the junction card and 
converts the signals from analog to digital form. The digital data is 
thus available for the software to process further, to find digitally the 
surface roughness parameters like Ra, Rz and Rmax. 

The PCI-02 is a 2-layer board with sufficient ground plate to  give 
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Table 1. Levels of cutting parameters.  
 
Parameter Code Unit Level 1 Level 2 Level 3 

Speed A Rpm 700 770 850 
Feed B Mm/rev 0.05 0.10 0.15 
Depth of cut C mm 0.5 1.00 1.5 

 
 
 

Table 2. L9 orthogonal array for flank wear. 
 

Experiment P1 (A) P2 (B) P3 (C) SNR (db) 
1 1 1 1 20.698 
2 1 2 2 20.949 
3 1 3 3 18.5387 
4 2 1 2 18.946 
5 2 2 3 19.794 
6 2 3 1 19.844 
7 3 1 3 18.5507 
8 3 2 1 18.9091 
9 3 3 2 14.8817 

 
 
 

Table 3. Significance of flank wears with cutting parameters. 
 

Level A (speed) B (feed) C (depth of cut) 
1 20.0619 19.3982 19.8170 
2 19.528 19.8842 18.2589 
3 17.4472 17.7548 18.9611 
� 2.6147 2.1294 1.5581 

Rank 3 2 1 
 
 
 
high noise immunity. The card provides the bridge between the PCI 
bus and the peripheral bus. It provides the control, address and 
data interfaces for peripheral to work as a PCI compliment 
peripheral. 

 The ADC/DAC signals are brought out through a 25-pin D type 
of connector. Preliminary investigations are carried out to find 
optimum speed at which surface finish is optimum. Further 
predictions for tool wear, acoustic emission signal parameters and 
surface roughness parameters are found at this optimal cutting 
speed, and depth of cut and the feed is changed from 0.05 to 0.2 
mm/revolution. The AE signals are measured by highly sensitive 
piezo sensor. The signals are suitably filtered and amplified using a 
high gain pre-amplifier. The amplified signals are then recorded in 
the computer. The signals are analyzed using MATLAB. A program 
is developed to measure AE signal parameters - as ring down count 
(RDC), signal rise time (SRT) and RMS voltage. The linear 
movements of roller ended high strength probe are converted to 
continuous signal and are displayed on computer. The tool flank 
wear is measured by Toolmaker's microscope. The experiments 
required are estimated by Taguchi method, and the experiments 
are conducted for different parameters of feed, depth of cut and 
speed. Each turning operation on CNC machines consists of 28 
trails and for every trail, the AE, flank wear and surface roughness 
parameters are recorded. Table 1 shows levels of cutting 
parameters, Table 2 shows L9 orthogonal array selected according 
to Taguchi methodology for conducting experiments for flank wear 
while Table 3 Shows the significance of flank wear with cutting 
parameters. The signal to noise ratio (SNR) for  surface  roughness 

is as shown in Table 4. Table 5 shows the significance of surface 
roughness with cutting parameters.  
 
 
RESULTS AND DISCUSSION 
 
The behavior of flank wear with cutting time shows that, 
initially the wear increases at faster rate, later it was 
consistent for some time and then increased rapidly due 
to sudden increase in rubbing between tool and work 
piece. The AE variations plotted also shows significant 
relation with machining time and flank wear. Initially the 
variations were gradual and consistent, later they 
changed rapidly due to sudden change in energy levels 
of AE signals. 

The RDC is the number of times the signal amplitude 
croses the preset reference threshold. Initially, the RDC 
value increases rapidly, drops down and then again 
increases. The initial increase is due to the 
microfracturing that takes place while  the tool comes in 
contact with the work piece. The micro-unevenness on 
the cutting edge is removed producing more burst 
emissions. Later-on, as the machining continues,  normal 
metal removal in the form of chips is observed resulting in 
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Table 4. L9 orthogonal array for surface roughness. 
 
Experiment P1 (A) P2 (B) P3 (C) SNR (db) 

1 1 1 1 -5.3519 
2 1 2 2 -5.6841 
3 1 3 3 -5.7350 
4 2 1 2 -9.5600 
5 2 2 3 -9.4780 
6 2 3 1 -8.5960 
7 3 1 3 -11.4673 
8 3 2 1 -11.0968 
9 3 3 2 -12.6108 

 
 
 

Table 5. Significance of surface roughness with cutting parameters. 
 

Level A (speed) B (feed) C (depth of cut) 
1 -5.5903 -8.7931 -8.3482 
2 -9.2113 -8.7530 -9.2850 
3 -11.725 -8.9806 -8.8934 
� 6.1347 0.2276 0.9368 

Rank 3 1 2 
 
 
 

Table 6. Consistent values of acoustic emission parameters. 
 

Machining time range FW RDC Rise time RMS voltage 
60-420 0.05-0.1 - - - 
60-450 - 4000-5000 45,000-60,000 - 
60-440 - - - 5000-6000 

 
 
 

Table 7. Consistent values of surface roughness. 
 
Machining time RZ Rmax Ra 

0 - 400 1.0-2.5 5.5-14 - 
0 - 380 - - 1.2-5.0 

 
 
 
continious emissions along with  the flank face. Then the 
flank wears-out due to contact of tool with the job surface 
leading to rubbing and friction, giving rise to flank wear. 
The gradual increase in flank wear gives rise to burst 
emissions. The RMS voltage also increases beyond the 
critical value because of increase in contact area of the 
tool tip with workpiece. In general, it is expected that flank 
wear increases the area of contact and hence increase in 
RMS voltage. The rise time of the AE signal is gradual up 
to 0.1 mm of flank wear.  Later, it decreases rapidly due 
to increase in frequency of signals caused due to more 
rubbing. The variations of surface roughness parameters 
such as Rz, Rmax and Ra with flank wear are consistent 
with gradual variation up to 400 s and up to 0.1 mm of 
flank wear and later increases rapidly. The  inconsistency 

is due to increase in intensity of rubbing action. The  
increase in tool wear rate causes rapid change in surface 
roughness beyond critical value. Tables 6 and 7 show the 
consistent values for AE and roughness parameters. 
 
 
Conclusion 
 
The network model was developed to investigate 
reliability of the working tool as it wear out gradually. The 
sample of the network with nodes is shown in Figure 1. 
To improve accuracy for predicting tool wear and surface 
roughness, the belief network model is utilized to prove 
accuracy of the results. The belief networks learns from 
the case data file. The network is tested for tool wear   for
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0 to 0.1
0.1 to 0.3

24.2
75.8
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CUTTING TIME
0 to 400
400 to 600

   0
 100

500

RDC
0 to 4000
4000 to 8000

   0
 100

4800

RISETIME
0 to 45000
45000 to 1e5

 100
   0

42000

RMSvoltage
0 to 5000
5000 to 10000

 100
   0

3875
 

 
 
Figure 1. Belief networks to predict tool wear and surface roughness. 

 
 
 
the best prediction to match the actual case. The same is 
followed to predict surface roughness. In both cases, the 
percentage error is neglegible and therefore, the 
prediction with belief network in correlation with the 
experimental results; hence, the validation. 
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