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Abstract 

A reliable and sensitive technique of cutting tool condition 
monitoring in drilling is essential help 
engineers. It is commonly known that a worn drill bit 
produces a poor quality hole. In extreme cases, a 
catastrophic failure of a drill bit during cutting can 

a work-piece and damage a machine tool resulting 
in low productivity and expensive down time. One such 
criterion of failure is excessive tool wear contributing to 
diminished tool life. To detect the states of tool 
wear condition, attempts are made to physically measure 
wear land. However, it is found that this method is usually 
not convenient since a part of useji1l production time is 
devoted to the measuring process. Thus, an intelligent 
system for detecting wear condition without interrupting 
the process is essential to avoid unexpected cutting tool 
breakage. In this work, an artificial neural network 
approach as an intelligent algorithm is proposed to real. 
time monitoring of drill wear states in the form of a digital 
display over a comprehensive range of cutting conditions. 
This work involves the development of test rig for on-line 
monitoring and neural network models to classify wear 
states. A novel neural network, Hybrid Neural Network 
(HNN), was developed and tested in this task. The results 

the HNN have shown the ability to accurately monitor 
the wear states up to a 92% success rate. With such a 
highly quantitative accuracy of results, the developed 
model using the neural network approach can be used for 
monitoring wear states in drilling and warning operators. 

Keywords: Cutting tool condition monitoring, Artificial 
neural network. 

1. Introduction 

Drilling is often carried out as one of the last steps in the 
m a n u f a c t u r i n g  production of a part. Hence high demands 
in terms of process reliability are placed on the operation 
since a work piece will have already undergone extensive 
machining before and thus represent considerable value 
[ 1]. It is apparent that any optimisation made to the drilling 
process will make manufacturing more productive and 
improve quaiity. One of the essential factors affecting the 
quality of machined products is drill wear. In particular, 
finishing work requires close attention to the condition of 
the cutting tooL A worn out drill bit produces a poor 
surface finish. If the deterioration of the tool is not 
continually monitored, the surface finish of work-pieces 
may be significantly degraded with the consequent loss of 

the work-piece and machining time. Undetected tool wear 
can ultimately result in failure, which is damage to the 
machine tool and work-piece resulting in considerable 
down time and productivity loss. Hence, any 
instrumentation that can identify the wear condition of a 
drill bit is very beneficial. 

Wear Land ( a dimension of wear ) 

Culting time or l e n g t h  cut 

Figure.l Wear land growth 

During the drilling process, the wear land were gradually 
growth dependent on the cutting time that the drill bit has 
been used. As a general principle, the wear land has been 
found to follow three states yielding the typical curve 
shown in Fig.l [2]. In the first (I) or initial state the rate of 
increase of "wear land" growth is rapid but decreases and 
become approximately constant during the second (H) or 
progressive state, whereas in the third (HI) or critical state 
the g r r o w t h  rate of wear land increases rapidly leading to 
catastrophic failure. To prevent unexpected tool breakage, 
using a drill bit with the third state must be avoided in 
cutting. 

The state of drill wear can be detected by using the direct 
measurement of wear land. The measurement can use 
various instruments such as optical, radiometric, 
p n e u m a t i c  and contact sensors etc. and the measured wear 
land is compared with some criteria to identify drill wear 
condition. However in this method, a part of useful 
production time is lost due to the inspection process of the 
wear. Usually associated expensive equipment is required. 
Thus there is a benefit in developing an intelligent system 
that works on-line to monitor the tool conditions so that 
failure is detected before the work piece is damaged. In 
this work, an artificial neural network approach as an 
intelligent algorithm is proposed. The neural networks 
embedded in an automated software are used to on-line 
detect the wear condition. Automatic learning from a finite 
set of database and the easier inclusion of new input 
parameters are major benefits of the neural network 
approach. 
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Application of neural networks in on-line tool wear 
condition monitoring has been reported by a number of 
researchers. The works have been done in two types of 
application. In the first type, neural networks were used to 
model relation between cutting parameters and the 
associated size of wear to estimate the wear land. Liu and 
Anantharaman [3] proposed a neural network that can 
predict the average drill wear land as low as 7.73% error. 
Lin and Ting [4] found the accuracy of tool wear 
estimation using the neural network is superior to that 
using other regression models. Lee and et al. [5] used the 
abductive neural network to predict the drill life. Karri and 
Cheong [6] applied neural networks to real-time tool wear 
estimation in turning. In the second type of application, 
neural networks were used to classify the states of wear. 
Liu, Chen and Ko [7] used thrust and vertical acceleration 
for on-line drill wear detection. Liu and Chen [8] achieved 
a 100% success rate of classification of a drill wear as 
either useable or worn out. Although there were many 
works done in on-line tool wear monitoring, in most 
instances the networks have been trained using only a few 
cutting conditions where a range of cutting conditions 
would have been more appropriate in practice. 

In this a novel network, Hybrid Neural Network 
(HNN) based on Backpropagation and Optimisation Layer 
by Layer algorithms [9], has been developed and proposed 
to detect the states of drill wear. These are classified into 
three categories; initial, progressive and critical wear 
states. To ensure the practical usefulness of the monitoring 
system developed, a knowledge base for training neural 
networks was stemmed from experiments carried out over 
a comprehensive working range of cutting conditions. 

Furthermore, the estimation of drill wear in terms of wear 
land was also performed. At the beginning, a brief 
introduction of the new neural network is initially 
discussed, before the development of neural network 
models for the intelligent detection of drill wear states and 
for the estimation of wear land is presented. 

2. Brief description 
Neural Network 

of Hybrid 

The basic architecture of an HNN, as shown in Figure 2, 
consists of an input layer, one or more hidden layers and 
an output layer. All input nodes are connected to all hidden 
neurons through weighted connections, and all hidden 
neurons are connected to all output neurons through 
weighted connections, 

Input Layer 
i = 0 ... M 

Hidden Layer 
i = 0  .. H 

YI 

Y2 

YN 

Ouput Layer 

Figure 2. Architecture of HNN with one hidden layer 

The basic idea of HNN learning algorithm is to combine 
iterative and direct weight optimisation methods. Based on 
this concept, the training time is improved and local 
minima can be a voided [ 1 0]. The network is trained by 
initialling small random weights and then the weights are 
iteratively adjusted by using Backpropagation algorithm 
with some initial iteration for training performance 
enhancement. Then the direct weight optimisation method 
based on Optimisation Layer by Layer algorithm [9] is 
used to finalise weights with a fast converging rate. The 
fast convergence is resulted from that the optimisation of 
weights in each layer is reduced to a linear problem and 
the weights in each layer are modified dependent on each 
other, but separately from all other layers. 

This HNN algorithm can be applied to any number of 
layers. However, the vast majority of practical problems 
are rarely necessary to use more than one hidden layer 
[ 11]. Thus, only the algorithm of network with one hidden 
layer to reduce the complexity and speed of computing is 
presented as followings. 

Training algorithm of HNN with one hidden layer (Fig. 3) 

Step 1 Initialize weights 
- Set all weights (Wii, V kj) to small random values 
-Set weight factor 

Step 2 Weight adjustment by using Backpropagation 
algorithm 

- Set the number of initial iterations 
-All weights are iteratively modified according 

to the number of initial iterations 

Step 3 Optimisation of output-hidden layer weights 
- The gradient of cost function with respect to V is 

calculated to derive the optimal weight V for all 
training patterns. Thus, 

Vjk=A-1.b 
where the A and b matrix are given by: 
A(j,jl) = matrix [aj,j!]; aiil = l=0 .. H 
bu,kJ = matrix [bj,k] ; bik = zi] : k = l..N 
p number of training patterns 
tk = target output of output neuron k 
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Step 4 Optimisation of the input-hidden layer weights 
- Transform non-linear part into linear problem. Then 

the linearized weights in each output layer node can be 
calculated as follow : 

Vlinki = [f(neti) Vki] 
where f(net) =derivative of the sigmoidal function 

- Calculate weight correction tenn Wopt) for all training 
patterns. 

=Au- 1.bu 
where Au = matrix [ a(ij,hm)] ; 

bu = vector[bu,i)] 
a(ji,hm) : for (j 

: for (j =h) 
+ (netj) 
Vlinki xi] 

= number of neurons in hidden layer 
- Calculate weight test (Wtest) 

Wtest = Wold + 

Step 5 Update of the input-hidden layer weights 
- Base on Wtest, the new RMS error is calculated 

If R M S  > RMS) then go back to Step 3 
and increase = 1.2) 

Else update weights 

= Wtest ( =Wold + 
and decrease for next iteration 

Step 6 Do step 3 - 5 until test stop condition is tme. 
(acceptable RMS or end of number of iterations) 

3. Experimental test 
experimental matrix 

rig and 

A knowledge base with regard to input parameters and 
corresponding wear conditions is required to train the 
neural network for modeling the intelligent detection 
system of drill wear states. To establish the knowledge 
base, a number of drilling experiments were carried out on 
the universal CNC-controlled milling machine. General 
HSS twist drill bits were used to drill 1045 steel work
piece with 31.7 5 mm thickness. The dynamo meter for 
thrust and torque measurement is fitted on the milling 
machine. For the signal processing and recording, a 
standard PC with an associated data acquisition system 
was used. The experimental rig is shown in figure 3. 

CNC Control 

PC with Data Card 

Figure 3. Experimental test rig 

The cutting conditions of experiments were chosen from 
the combinations of diameter, feed rate and spindle speed. 
The experimental cutting conditions were illustrated in the 
Table I. The total cutting conditions are 60 different 
conditions. To assess the generalization and flexibility of 
neural networks, a set of data different form the data used 
in training are separated as testing data. Thus, the entire 
data are divided into two groups. The first group is testing 
data generated from 6 cutting conditions as listed in Table 
n and another group is training data generated from 
remaining cutting conditions. In any particular cutting 
condition, a drill bit was used for drilling work-pieces until 
the drill bit reached the end of tool life. Then the wear 
land, thmst, torque and the associated cutting time after 
drilling of each hole were recorded. 

Dia. 
7mm 

Dia. 
9mm 

Dia. 
11 mm 

Dia. 
13mm 

Feed 80 100 120 
(mm/min) 
Speed 1000 1100 1200 

( rpm )  
(4levels x 4 levels= 16 conditions) 

Feed 120 140 160 
(mm/min) 
Speed 900 1000 1100 
( m) 
(4leve!s x 41evels = 16 conditions) 

Feed 40 60 80 
(mmlmin) 
Speed 600 700 800 
( m) 
(4 levels x 4 levels= 16 conditions) 

Feed 40 60 100 
(mm!min) 
Speed 500 600 700 

m 
(3 levels x 4 levels= 12 conditions) 

140 

1300 

180 

1200 

100 

900 

800 

Table I. Total experimental cutting conditions 
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No. Diameter Feed Speed 
(mm) (mrn/min) (rpm) 

7 80 1200 
2 7 140 1200 
3 9 140 1000 
4 11 60 800 
5 ll 100 700 
6 13 60 700 

Table II. Cutting conditions selected for testing data 

An average flank wear land of 0.3 mm or a maximum 
flank wear land of 0.6 mm is the criteria to define effective 
tool life. These criteria for HSS tools are recommended by 
the International Standard Organization (ISO). By using a 
digital camera and associated software, photographs of 
both cutting edges have been taken and enlarged to 
measure the wear land. The actual scale of wear land can 
be calculated by comparing the diameter of drill bits. 
Figure 3 illustrates a typical measurement carried out in 
this investigation, 

Figure 4. Picture of flank wear and measurement 
places 

A simple formula for calculating wear land is given by 

a= X x d (1) 
y 

a = Actual size of wear 
X = Dimension of wear in the photograph 
Y = Dimension of diameter in the photograph 
d = Actual size of diameter (mm) 

The four places (see fig. 4) of flank wear were averaged to 
represent the average flank wear, 

The states of drill wear in each cutting condition can be 
theoretically classified on a basis of wear land. As the 
initial wear state starts at the beginning of cutting, the 
drilling in the first hole is considered as the initial wear 
state while the critical wear state occurs nearly at the end 
of tool life. The drilling in the last hole is considered as 
critical wear state. The rest of drillings are defined as the 
progressive wear state. To obtain more data patterns, three 

points were linearly interpolated between each pair of 
holes. Consequently, a total of 1928 data consisted of 467 
experimented data and 1461 interpolated data were used 
for training and testing neural network models. 

4. Detection system ll wear 
states 

In this section, a neural network model for detection of 
drill wear states is presented. The designed network used 
six basic cutting parameters as network's inputs and wear 
states as a network's output. These inputs were the thrust 
(N), torque (Nm), the drill diameter (mm), the spindle 
speed (rev/min), the feed rate (mm/min) and the cutting 
time (sec) that the tool has been used. It should be noted 
that there is no directly measured wear land as an input due 
to inefficiently obtaining of the data during machining as 
mentioned in section 1. However, the wear land is 
important information to distinguish the wear states. 
an indirect method using a neural network was applied to 
estimate the wear land. The first neural network (1 stNN) to 
estimate were land is shown in figure 5 as a sub-internal 
model for providing the estimated values of wear land to 
the second neural network (2nd NN) for classifying wear 
states 

Thrust 

Torque 

Drill Diameter 

Feedrate 

Spindle Speed 

Cutting Time 

Wear Land 

W car states : 
3 =Initial 
2 ""Progressive 
l =Critical 

Figure 5. Neural network model fur detecting the 
wear states 

Consequently, in figure 5, the system consists of two 
neural networks connected to identify three wear states. 
These states are the initial, progressive and critical wear 
states and the values of 3, 2 and 1 were given to represent 
the three wear states respectively. 

4.1 Architecture networks and results 

Since the detection of wear states is the focusing point in 
this section, the detailed development of the first neural 
network for delivery the estimated wear land and its 
accuracy are not discussed here, but in the later section. In 
what follows it has been assumed that the 1st Nr.J has been 
sufficiently trained and only the second neural network 
acting as a classifier will be mentioned. 

From 54 cutting conditions, 1746 sets of inputs and 
outputs were used for training neural networks. Another 
182 sets of data from six cutting conditions, that are 
completely different from training data, were used for 
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testing the developed networks. The wear condition was 
classified into three categories based on the output of 
neural networks. The criteria used for classification of drill 
wear states were as follows. 

For initial 
For progressive 
For critical 

when output 
(2), when 1.75 2.5 
(1), when output< 1.75 

The optimisation of neural networks' architecture was 
done by systematically training and testing the networks 
with varied parameter settings. As a benchmark, the 
percentage of success rate was calculated and the formula 
is given by 

No. of classification 
;o success rate= x 

No. of all data 

The highest percent success rate of testing data was used as 
criteria to select the best architecture of networks. 

To find the appropriate architecture of the HNN paradigm, 
the number of neurons in the hidden layer has to be 
determined. Furthermore, the number of initial iterations is 
needed to be chosen for the best performance. The initial 
iterations of 20, 35 and 50 iterations at various numbers of 
hidden neurons of HNN were tested. The results of the 
networks are comparatively summarized in Table IlL 

It can be seen from the table m that HNN with five hidden 
neurons (5-5-1) and the initial iteration of 35 was able to 
yield the highest accuracy at testing stage. The results at 
training stage and testing stage are 90.6% and 91.8% 
respectively. A detailed comparison between the actual 
wear states and the predicted wear states from H NN at 
testing stage is also provided in figure 6 to study the 
characteristics of misdetection cases. 

% Success rate 

Initial 20 35 50 
iterations 

Train Test Train Test Train Test 

HNN 

5-3-l 83.5 91.8 88.9 90.1 87.7 91.2 

5-4-1 88.0 88.5 89.3 91.2 91.2 91.2 

5-5-l 87.3 88.5 90.6 91.8 89.9 91.2 

5-6-1 89.8 90.7 90.0 89.0 88.8 91.2 

5-7-l 89.2 91.8 88.9 89.0 90.1 90.7 

5-8-1 91.4 90.1 90.2 91.2 90.0 89.0 

5-9-1 89.8 90.7 84.8 84.1 78.1 74.2 

5-l0-1 90.3 90.1 89.9 87.4 90.4 87.4 

Remark: 5 - x- 1 is number of neurons in input- hidden -
output layer 

Table III. The results of HNN with varying hidden 
neurons 

Wea.r 
States 

Critical 

Progressive 

Initial 

2t 41 61 81 121 141 161 181 

Figure 6. Comparison of the actual wear states and 
the detected wear states from HNN at testing stage 

Of 182 instances of the testing data, fifteen were 
misclassification. Alls took place at the transient period, 
which was either the end of the previous state or the 
beginning of the next state. This means in general that the 
WfOng classification shortly occurs and then immediately 
changes to the correct classification. Misclassification 
cases of training data have also occurred in the same way 
as that of testing data. Thus, occurrences of error cases 
have no potential to cause any problem in the practical 
working. 

It can be concluded that the use of the neural network for 
drill wear state detection is very accurate. The best results 
of HNN are the 90.6% success rate at training stage and 
91.8% success rate at testing stage, proving its 
applicability for drilling in various cutting conditions. 

5. Estimation model of drill wear 
land 

As mentioned in the previous section, the wear land is 
important information for indicating the wear states. In the 
wear detection system (in figure 5), the wear land 
predictive model (lstNN) is used as the internal model in 
which the output of the model was not explicitly displayed. 
However, there is some merit in manifesting the predicted 
values of wear land. By doing so, the information of wear 
land can be monitored and the relations of wear land and 
others parameters can be studied. Thus the investigations 
of the predictive model and its output were carried out in 
this section. 

The neural network model used the six inputs for 
estimating the average flanks wear as an output of neural 
network These inputs are two cutting forces (thrust nad 
torque), drill diameter, feed rate, spindle speed and cutting 
time that tool has been used. HNN with various 
architectures were tried out As a criterion for 
benchmarking, the Root Mean Square error (RMS) of 
results was calculated to comparatively select the 
appropriate architecture. The formula of RMS (12-14] is 
given by 
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RMS error= 
(target- output)' 

no. of data 

The most accurate architecture to predict the wear land can 
be identified by selecting one that yields the lowest RMS. 
After training and testing the various architectures, HNN 
with eleven hidden neurons has shown the best accurate 
result. TheRMS errors are 0.0387 and 0.0386 for training 
and testing data respectively. To gain insight into the 
accuracy of prediction, the histogram showing the 
dispersion of error between actual wear land and predicted 
wear land in millimetre (mm) was made in figure 7. 

500 

4 -

3 

2 

1 

in m m 

Figure 7. Histogram of errors (actual- estimated size) 
in the estimation of wear land 

From the histogram, 93% of training data (1622 of 1746) 
and 95% of testing data (172 of 182) were in a range of± 
0.03 mm and the average errors of wear land were 0.0003 
and 0.0014 mm for training and testing orderly. These 
results showed an accurate, unbiased prediction of wear 
land even when the drilling conditions were varied. It is 
also important to note that when such an accurate 
predictive model has been integrated into the wear 
detection model, the system can detect wear states up to a 
92% success rate as described in details on the previous 
section. 

6. Conclusion 

To avoid unexpected cutting tool breakage due to 
excessive wear, an intelligent system that can on-line 
detect the condition of a cutting tool has been developed. 
In this work, a neural network based system for 
automatically detecting wear states in drilling operation is 
applied. The system used a novel neural network, HNN, as 
an intelligent algorithm to classify on-line wear states. The 
wear states were identified as; initial, progressive and 
critical wear states. The cutting forces, diameter, feed 
speed and cutting time were used as inputs in the system to 
detect wear states. The neural network was trained and 
tested from the data of experiments carried out over a 
comprehensive range of working conditions to ensure the 
generalisation and flexibility of the system. For the 
detection of wear state, the various architectures of HNN 

were tested to select the appropriate structure. The HNN 
with five hidden nodes has yield the best accuracy, which 
was 91% and 92% correct detection in training stage and 
testing stage respectively. These results experimentally 
highlight the capability of the neural network for detection 
of drill wear states with the high accuracy in a wide range 
of cutting conditions. 
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