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1. INTRODUCTION

In grinding operation, machining accuracy and surface finish depend directly on the grinding wheel topog-
raphy: shape and distribution of cutting grains on the wheel surface. Therefore, several techniques have been
developed concerning the measurement of wheel topography such as profilometry, dynamometry, micros-
copy and others [1]. In-process measurement is actually desirable because the condition of a wheel surface is
likely to change during grinding.

In this study, an in-process characterization of the wheel surface is proposed, where the grinding sound
and/or vibration are analyzed by a neural network technique. The in-cycle measurements of the static wheel
topography are also developed, in which a stylus profilometer and a digital image scope are equipped on the
grinding machine [2, 3].

2. EXPERIMENTAL PROCEDURE

Parameters for characterizing grinding wheel surface are classified into two categories: ‘static’and ‘dy-
namic’ parameters. In the static evaluation, the wheel surface is directly measured by means of the stylus
method or the microscopic observation. In the dynamic measurement, on the other hand, the wheel condition
is evaluated by analyzing the grinding sound and/or vibration, which are generated by the wheel-work inter-
action in the grinding zone. In this method, however, it is difficult to quantify the geometrical or morphologi-
cal characteristics of the wheel surface from these signals in the present stage. Hence several conditions of
the wheel surface —standard or reference condition— are formed by dressing and the grinding sound/vibra-
tion generated by these wheels are regarded as the standard signals. Then the sound/vibration during grinding
are discriminated by a neural network technique.

2.1 Conventional Vitrified-Bond Alumina Wheel
2.1.1 Formation of wheel surface

In order to form a reference wheel surface, the wheel is dressed in some dressing conditions as shown in
Table 1. The variations of tangential grinding force F, and three-dimensional arithmetic average roughness
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SR, with dressing conditions are shown in Fig.1. It is found from the figure that six different surface are
generally formed although clear distinction does not appear between the condition-(2) and (3); and the con-
dition-(4) and (5).

2.1.2 Experimental setup and conditions

Figure 2 shows the experimental arrangement. The plunge grinding of carbon steel at a constant depth of
cut is carried out with six different wheel conditions presented in Table 1. The grinding sound, vibration and
grinding forces are measured by the noise level meter, accelerometer and piezoelectric dynamometer, respec-
tively. The acceleration pickups are fixed on the high-stiffness mount base as shown in Fig.2 in order to avoid
the vibration effect of the dynamometer. Three one-pass plunge grinding tests are done in each wheel condi-
tion. The experimental conditions are summarized in Table 2.

2.2 Superabrasive Resinoid-Bonded Diamond Wheel
2.2.1 Formation of wheel surface

Because of the non-porous type grinding wheel, the resinoid-bonded diamond wheel is firstly trued by the
metal-bonded diamond block truer and then the bond material is removed by dressing with WA-stick so as to
make appropriate chip pocket. Here, four reference surface conditions are formed having the different depth
of chip pocket. In this case, unlike the alumina wheel, there is little difference of cutting edge geometry in
each wheel surface.

2.2.2 Characterization of wheel topography by stylus method and optical microscopy

A profile trace along the circumference of the wheel is measured by a stylus coupled to a displacement
transducer mounted on the grinding machine, and the average depth of chip pocket hp is calculated from the
digitized profile data [2]. Figure 3 shows the definition of 4 and examples of wheel profiles of four refer-
ence conditions. It is found that the depth of chip pocket changes in four steps within the rage of approxi-
mately 9~25 um at about 5 pm intervals. The morphology of abrasive grains is observed by the digital image
microscope and the distribution of cutting edges is calculated by means of an image processing method [3].

The grinding experiments are carried out in a similar way to that with the alumina wheel as described in
§2.1.2. The truing and dressing conditions are listed in Table 3.

3. EVALUATION OF GRINDING WHEEL SURFACE BY MEANS OF NEURAL NET-
WORK TECHNIQUE

The frequency spectrum of grinding sound emitted from the standard wheel surface are discriminated by
the neural network leaming algorithm. The network program is constructed on the MATLAB® software. The
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parameters of the neural the network used are listed in Table 4. The input signal is described [501xN] matrix
which consists of N column vector with 501 elements of SPL (Sound Pressure Level) values within a range
of 0 to 10 kHz at 20 Hz intervals. Here N is the number of reference conditions (N=6: alumina wheel, N=4:
diamond wheel). The network produces [NxN] diagonal matrix. The grinding sound discrimination is judged
by the position of the maximum value on the i-th row against the j-th column in the output matrix. In this
experiment, the multiple layer networks are constructed and the learning algorithm is error-back-propagation
(EBP) method.

It is necessary to determine the optimal learning rate and number of cells in hidden layer by learning
experiments. In this study, the number of epochs required for network convergence is measured under vari-
ous network configuration in which the number of cells in hidden layer and learning rate are changed in the
range of 100~500 (alumina wheel) / 50~400 (diamond wheel) and 0.001~0.0005 (at 0.0003 intervals), re-
spectively. Learning stops when either the number of epochs have attained a maximum value of 3000 or the
network sum-squared error has dropped below the error goal of 0.1.

4., EXPERIMENTAL RESULTS

4.1 Conventional Vitrified-Bond Alumina Wheel

Figure 4 shows the typical frequency spectrum of the grinding sound for six reference conditions of the
wheel surface. All spectrum curves have the similar pattern showing the almost flat response in the whole
range although small peak appears at 2~3kHz. According to this figure, it is obvious that we can not distin-
guish these sounds aurally.

Figure 5 represents the learning result of the neural network as a mesh plot when the frequency spectrums
of the grinding sound are discriminated. As the diagram indicates, learning begins to converge when the
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number of cells in hidden layer is more than about 100 and
the number of epoch decreases as the number of cells increases.
In addition, the larger a learning rate the less time a network
needs to be trained. However, if the learning rate is too large
learning becomes unstable, which is the general tendency of a
neural network [4]. On the whole, the grinding sound can be
identified under the optimum network configuration in such
that the learning rate is set in the range of 0.002~0.0035 and
the number of cells in hidden layer is not less than 300.

The output matrix for the discrimination of grinding sound
is presented in Fig.6. In this matrix, the largest values are
positioned diagonally, which means that the wheel surface is
successfully recognized. From the above results, it can be said
that the condition of the wheel surface is discriminated by the
neural network technique in spite of acoustically indistinctive
situation. After re-dressing, however, the network classifies
into three categories: condition-(1), (2)~(5) and (6). One of
the reasons for this result is that the equivalent wheel surface
is not created by dressing. There is room for further investi-
gation on the learning algorithms of the network.

4.2 Superabrasive Resinoid-Bonded Diamond Wheel

In the case of the resinoid-bonded diamond wheel, the num-
ber of cells in output layer is four because four kinds of stan-
dard wheel conditions are formed. The learning result of the
neural network is shown in Fig.7, in which stable learning are
obtained as in the case of the alumina wheel.

5. CONCLUSIONS
The neural network technique is effective to recognize the

difference of the grinding wheel surface for both conventional
alumina wheel and superabrasive diamond wheel by analyz-
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Fig.5 Learning result of grinding sound discrimination
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Fig.6 Output matrix of grinding sound discrimination

Fig.7 Learning result of neural network
for SDC140N75B-wheel

ing the grinding sound insofar as the wheel topography is relatively widely changed by dressing procedure.
This method is found to be useful for in-situ characterization of the wheel surface.
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