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Abstract

Machining is a complex process influenced by cutting
parameters (feed, speed and depth of cut) and process
conditions (tool wear, material properties, coolant and
workpiece dimensions). This paper proposed a
methodology of integrating human knowledge and sensor
fusion for machining monitoring and control. Fuzzy logic is
applied to representation of human knowledge in
machining. Appropriate machining parameters are
determined by using fuzzy models. Sensor fusion is made
for capturing sensor features that reflect machining
performance by means of DSP technology. Human
knowledge and sensor data are further integrated in a neural
network structure for monitoring machining quality and
cutting tool state.
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1. Introduction

Machining is a complex process influenced by
cutting parameters (feed, speed and depth of cut) and
process conditions (tool wear, material properties,
coolant and workpiece dimensions). Fuzzy logic and
neural network approaches are widely applied in
machining analysis and modeling. EL Baradie [1]
proposed a fuzzy logic model for machining data
selection. In their model, the relation of cutting speed
and material hardness is built by fuzzy logic in terms
of information from the machining data handbook.
Fang [2] built an expert system to support fuzzy
diagnosis of process states in finish-turning.
Machining states are described by fuzzy features and
the fuzzy feature-state matrices are established
through the expert system. Ko and Cho [3] applied a
neural network to cutting state monitoring in face
milling. In their system, an autoregressive (AR) time
series modeling is used as preprocessor for
generating features from each sensor, and then a
highly parallel neural network is set up for
associating the preprocessor outputs with the
appropriate decisions with which the cutting state is
classified.  Purushothaman and Srinivasa [4] studied

the tool wear monitoring in turning by a back
propagation algorithm. The tool condition is
classified into two states: class 1 acceptable and class
two unacceptable. Different patterns under different
cutting conditions are studied. Using neural network
for tool condition monitoring in metal cutting is
reviewed by Dimla Jr, Lister and Leighton [5]. The
review illustrated the extent of application of neural
networks, the methods for handling sensor signals
within a neural network, and the need for sensor
fusion from multiple source sensor signals in tool
condition monitoring.

In our system  sensor fusion from multi-sensors
(force, vibration, driving motor current, etc.) is
realized by utilizing digital signal processing
technology to perform on-line data acquisition, and
determine monitoring indices (mean resultant force,
power spectral densities, etc.). Neural networks are
subsequently used to perform relating monitoring
process states and fuzzy logic is used to determine
state variables from monitoring indices.

To determine and set optimal control signals depends
not only information on machining process but also
on human knowledge on machining, for example,
selection of machining parameters, abilities and
conditions of machine tools and types of cutting
tools. Sensor fusion from multi-sensors can only
collect information related to machining process.
This work develops a system to fusion sensory data
and human knowledge for machining control,
interacting with people. The system consists of four
major parts, namely determination of machining
parameters, sensor data acquisition and processing,
machining state monitoring, and machining process
control.

Determination of machining parameters and machine
tool conditions is largely related to human knowledge
on machining. In the process of determination,
machining requirements of dimension, tolerance and
surface roughness are set as quality control objective,
while machine tool and cutting tool capacity and



conditions as well as tool life as constraints.
Machining information is interpreted using fuzzy
representation that is taken as input while machining
parameters as output in a fuzzy decision making
system. Human knowledge on machining is
integrated into the fuzzy decision process.

The sensory data are collected and processed through
DSP technology. The data processing of filtering,
windowing, FFT and power spectral analysis is done
on-line.

Multi-sensor data and signal features are used for
building sensor fusion with neural networks.
Machining parameters are further taken into account
in the parallel neural networks and machining state
fuzzy classification. In the system, sensor data such
as force and control motor current are combined with
those parameters (feed, speed and depth of cut) from
the fuzzy decision system as input, and machining
quality and cutting tool state respectively as output in
neural network learning. In order to efficiently
monitor machining process, two parallel neural
networks are designed in the system with different
input and output. One network is for machining
quality (dimensional deviation and surface
roughness) and the other for cutting tool state (tool
wear state). Machining state is represented and
classified according to the machining quality and tool
wear state using fuzzy classification. Machining
monitoring is realized in process in terms of sensor
fusion and machining state specified.

2. Machining Knowledge

Machining process involves a variety of knowledge
which may cover the following aspects:

     .  Knowledge of materials.
     .  Knowledge of parts to be machined.
     .  Knowledge of machine tools, cutting tools and
        fixtures.
     .  Knowledge of cutting liquids.
     .  Knowledge of manufacturing processes.

Material properties include tensile and compressive
strength, hardness, endurance limit, modulus of
elasticity and torsion modulus, as well as
machinability, thermal properties and wear resistance
etc. Machinability is a combination property of
materials and directly related to machining processes.
Material hardness is regarded as factor for selection
of  machining parameters.

Regarding a part to be machined, information of the
geometry, dimension, tolerance and surface
roughness as well as possible heat treatment of the

part is required. The shape features of geometry with
dimension are achieved by selecting different
machining processes. The tolerance and surface
roughness is achieved by properly planning
machining process and selection of machining
parameters.

Manufacturing process requires planning and
arrangement of machine tools, cutting tools and
fixtures. Tool wear and life is a major concern in
machining. It greatly affects machining quality and
manufacturing cost. Cutting liquids are necessary for
most continuous machining in cutting hard materials.
Cutting zone temperature and chips can be dispersed
effectively by using coolants.

Although there are experimental data and machining
data book available as reference, selection of
machining parameters and planning machining
process still need human operators’ intervention
using their empirical knowledge. To achieve
automation of machining planning and on-line
monitoring and control of machining process, it is
necessary to realize integration of human knowledge
with machining process by utilizing fuzzy logic and
neural network or other expert technologies.

3. Fuzzy logic modeling

Many relations in machining may not be precisely
represented by using traditional mathematical
modeling equations. For example, the relation of
material hardness and cutting speed may be generally
described as that if the material hardness is high then
the corresponding cutting speed is low and vice
versa. The tool wear may be described as slight wear,
medium wear and severe wear.  These relations can
be effectively described by fuzzy logic modeling. In
our system developed, two procedures are taken in
modeling. The first procedure is to select appropriate
machining parameters by fuzzy decision making with
respect to machining requirements and conditions.
The second procedure is to integrate selected
parameters and sensory data into multi-layer
perceptron (MLP) for cutting tool states and
machining states monitoring and control. The tool
and machining states are described by fuzzy
representation.

Determination of machining parameters is made with
a process of multi-level fuzzy decision making.
Generally speaking, machining parameters selection
relates to machining requirements of parts to be
machined, machine tool capacity and cutting tool life.
There are three steps taken into account in modeling
for determination of machining parameters as
follows.



(a) Select depth of cut in terms of rough machining,
half finish and finish machining with respect to
different materials and material hardness. Harder
a material is, more force it requires in machining.
Thus more power consumption is taken,
obviously which is limited by machine tool
capacity. We have general rules as

  IF it is rough machining, THEN the depth of
cut is taken deep.
  IF it is half finish machining, THEN the depth
of cut is taken medium.
  IF it is finish machining, THEN the depth of
cut is taken low.                                               (1)

Furthermore, taking material hardness into
consideration, there are rules

  IF the material hardness is very hard, THEN
the depth of cut is taken very low.
  IF the material hardness is hard, THEN the
depth of cut is taken low.
  IF the material hardness is medium, THEN the
depth of cut is taken medium.
  IF the material hardness is soft, THEN the
depth of cut is taken deep.
  IF the material hardness is very soft, THEN the
depth of cut is taken very deep.                      (2)

(b) Depth of cut and feed determine the size of cut,
i.e. the volume of material to be removed in
machining. The use of large feed and depth can
efficiently increase the material removal rate.
And if combined the large feed and depth with
low cutting speed, a long tool life can be
obtained. However, although a large feed and
depth are beneficial to tool life and efficient
material removal, the maximum size of cut is
limited by a number of factors which can not be
ignored for achieving a high quality machining.
These factors are:

       .  the maximum power available from the
          machine tool;
       .  the maximum forces that the cutter can stand;
       .  the maximum permissible deflection of the
          machine tool and work consistent with the
          accuracy required;
       .  the tendency to chatter;
       .  the fact that surface finish grows worse as size
         of cut is increased. It is verified that feed has
         much higher effect on surface roughness than
         does the depth.

In recent years the trend of high speed machining is
progressive. With consideration of the factors above,
the machine tool power, cutter and work rigidity, and

surface roughness are taken as variables for selection
of feed. For rough machining, there are rules as

  IF the cutter and work rigidity is very high, THEN
the feed is very high.
  IF the cutter and work rigidity is high, THEN the
feed is high.
  IF the cutter and work rigidity is medium, THEN
the feed is medium.
  IF the cutter and work rigidity is low, THEN the
feed is low.
  IF the cutter and work rigidity is very low, THEN
the feed is very low.                                               (3)

The cutter and work rigidity is roughly measured
according to cutter (shank) and work (diameter)
sizes. For half finish and finish machining, there are
rules as

  IF the surface quality is very high, THEN the feed is
very low.
  IF the surface quality is high, THEN the feed is low.
  IF the surface quality is medium, THEN the feed is
medium.
  IF the surface quality is low, THEN the feed is high.
  IF the surface quality is very low, THEN the feed is
very high.                                                                (4)

The power consumption will be checked after the
machining parameters are determined.

(c) Cutting speed is a major factor that effects on
machining quality (surface finish) and tool life.
Ordinarily, surface finish improves with increase
of cutting speed. The change is made up to
certain point when the speed arrives at some
critical value due to a continuous reduction in
size of the build-up edge. After the build-up edge
has become insignificant in size, little further
improvement on surface finish is made with
increase in cutting speed. The relation of tool life
and cutting speed is illustrated by Taylor
empirical equation

where V is cutting speed. T indicates the cutting time.
Ct is a constant whose value depends on machining
conditions. It is numerically equal to the cutting
speed that gives a tool life of 1 min. n is exponent
whose value varies to some extent with machining
conditions. Generally, their relation can be stated that
if the cutting speed is increased, the tool life will
decrease. So it is necessary to select a cutting speed
satisfying a desired tool life given by equation (5).

t
n CVT = (5)



1Ru

)(VLuB

BA uu ,

)(VHu A

With desired tool life, we use surface roughness and
material hardness as factors to select cutting speed.
The relationship of cutting speed and surface quality
may be described as the following rules

  IF the surface quality is very high, THEN the
cutting speed is very high.
  IF the surface quality is high, THEN the cutting
speed is high.
  IF the surface quality is medium, THEN the cutting
speed is medium.
  IF the surface quality is low, THEN the cutting
speed is low.
  IF the surface quality is very low, THEN the cutting
speed is very low.                                                   (6)

The relationship of cutting speed and material
hardness may be given as

  IF the material hardness is very hard, THEN the
cutting speed is very low.
  IF the material hardness is hard, THEN the cutting
speed is low.
  IF the material hardness is medium, THEN the
cutting speed is medium.
  IF the material hardness is soft, THEN the cutting
speed is high.
  IF the material hardness is very soft, THEN the
cutting speed is very high.                                      (7)

The above relations represent human experimental
and empirical knowledge on machining conditions
and parameters selection. To give an example, a
fuzzy model for the relations of (6) and (7) may be
established for describing these relations as

where  B denotes the speed fuzzy set, A either the
surface quality or the material hardness fuzzy set and
R is fuzzy relation of A and B. The symbol “o”
denotes fuzzy compositional operator. Fuzzy sets A
and B may be represented by triangular shape
membership functions  (                )
shown in Figure 1.

  Figure 1.   Fuzzy membership function

The VL, L, M, H and VH denote the linguistic states
of the cutting speed, surface quality or material
hardness, i.e. very low, low, medium, high and very
high respectively. The fuzzy relation R can be
determined from the relations described in (6) and
(7). For example, the rule
  IF the material hardness is very hard, THEN the
cutting speed is very low
may establish a relation as

where                      denotes the grade of  very hard in
terms of the hardness membership function,
                the grade of  very low in terms of the speed
membership function, refer to Figure 1.
           describes the fuzzy relation matrix of A and B.
In the same way other four rules in (7) may be
expressed as

Finally the five rules are combined together using
fuzzy OR operator. It may be expressed as

Similarly, from the rules (6) the fuzzy relation of the
cutting speed and surface quality can also be
established. The speed inferred from the relation (6)
and (7) in terms of equation (8) may not be same.
Some decision making approaches may be applied
[1].

    4. Knowledge integration in machining

In order to on-line monitoring machining process, a
model is designed for integration of human
knowledge and sensory data shown in Figure 2.
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Human knowledge on machining is represented by
fuzzy sets and integrated with fuzzy models. With
fuzzy modeling human experimental and empirical
knowledge and linguistic inference can be properly
handled. Appropriate machining parameters selected
in terms of fuzzy modeling are taken as a part of
input information for machining monitoring and
control. On the other hand, sensors are implemented
with machining systems for capturing machining
performance. Machining performance is obviously
related to the machining parameters selected and also
affected by other factors from machine tool, cutting
tool and workpiece as well as their combination and
interaction in machining process. Therefore,
integrating machining parameters and sensory data

may be better reflection of machining performance in
monitoring.

The sensors currently implemented are a load cell for
cutting forces measurement and a current transducer
for spindle motor current. Vibration accelerometer
will be also implemented. These sensors can reflect
machining performance from different perspectives.
DSP technology is used for sensory data processing
in real time. It does data collection (sampling),
filtering and FFT. A neural network structure is
utilized for integration of the machining parameters
and sensory features. This is a three layer perceptron
shown in Figure 3.

The input layer provides information of cutting
speed, feed and depth of cut from fuzzy modeling
and sensory data of forces Fx, Fy, Fz and spindle
current Is as well as their combination (fusion) from
sensor measurement and processing. The output is

either machining quality (surface roughness Ra) or
cutting tool wear Vb. The machining quality is
classified as high, medium, acceptable and
unacceptable. The tool states are classified as slight
wear, medium wear, severe wear and tool breakage.

  Fuzzy
Modeling

Machining
Parameters

Sensory
  Data

     DSP
Processing

  Data
Features

   Human
 Knowledge Knowledge and

  Sensor fusion
    Modeling

  NN models

Machining
   Quality

Cutting tool
      States

Figure 2.  Modeling of integration of knowledge and sensor fusion

Input               Hidden          Output
Layer              Layer             Layer

Machining Quality
Or Tool State

Figure 3.  A NN model for integration of knowledge and sensory data



ijw∆

jδ

∑ −=
i

ii dO 2)(ε

i

The classification of machining quality and cutting
tool state is also made by using fuzzy classification.

This system developed has two parallel neural
networks. One network is for monitoring machining
quality and the other one for cutting tool monitoring.
The two networks have similar structures in
principle. The training process is carried out off-line
until satisfied results are obtained. A back
propagation training algorithm is applied in the
neural networks. The back propagation algorithm
concerns the actual and desired output vectors. The
actual output from a given input vector (a weighted
sum) is compared with the desired or target output. If
there is no difference or the difference is within a
predefined error range, no weights are changed.
Otherwise, the weights are updated to reduce the
difference. In the learning process a gradient search
technique is used to minimized a cost function that is
set as the mean square difference between the desired
and actual outputs. In the BP network an input to a
neuron is obtained as the weighted sum given by

where bi is bias vector acting as threshold. The
output of the neuron is obtained by the activation
function f (net) which normally has a sigmoid form
as

The updated weights at iteration (n+1) are calculated
according to the difference of the actual and desired
outputs Oi and di.

The change in weights             is given by

where α is a training rate coefficient, Oi is the output
of neuron          in the previous layer, and

        is the error coefficient related to the difference
of the desired and actual outputs in the layer. The
error for neurons in the layer may be given by

In order to provide faster convergence, momentum
technique is implemented with the back propagation

learning. Momentum acts like a low pass filter and
allows a network to respond not only the local
gradient, but also to recent trends in the error surface.
It prevents the network from getting stuck in a
shallow local minimum. With the learning feature of
neural networks, system function for on-line
machining monitoring can be adjusted with respect to
different machining requirements.

5. Conclusion

This paper proposed a methodology of integrating
human knowledge and sensor fusion for machining
monitoring and control. Its validity is verified by
experimental testing. Human knowledge in
machining is interpreted by fuzzy representation in
fuzzy inference models and appropriate machining
parameters are selected by using the fuzzy models.
These parameters are  further integrated with sensory
features in a neural network structure. Combining
human knowledge and actual sensory data,
machining performance is effectively evaluated. On-
line monitoring of machining quality and tool wear is
achieved.
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