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Abstract - Diagnastic information fusion is the method
by which ore would determine a system’s gate for those
instances where seveaal different diagnatic tods, and
possbly other sources, are used for state estimation.
Because system state predictions from different
diagnagtic todls will disagree at some esxent, if not
completely contradict one anaher, a robust fusion tod
is necessary to prodice a reliable assessment of system
state. This paper addeses the neal for a reliable
solution to the problem of diagnastic information fusion,
particularly with the absence of a priori knowledge of
diagnattic tod performance Tod performance
spedfications are often times hard to come by, in
particular where data abou events are sparse or where
a comprehensive ewluation cannd be performed. In
resporse, a fusion pocess usng a set of neural
networks, was devdoped to dstingush remgnizable
patterns from the output of the individud diagnatic
tods. Thisfusion concept was appied to daa that were
gathered from a high-speed milling machine and
processed by seveal previoudy devdoped dagndastic
tods.

Keywords: fusion, information fusion,
clasdfication, soft computing, neural
diagnastic information fusion.
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1 Introduction and background

An increasing demand for quality and reliability, in bath
product manufacturing and service providers, raises new
isaues on the best ways to reach such standards. Thisis
particularly true, and somewhat difficult to control, in
automated processes. Because these automated processes
are often Ieft to run without close human supervision, it is
difficult to determine the health of the machine and its
parts without shutting down and investigating the
equipment. One way to achieve high rdiability and
quality levels for automated processes is through on-line
monitoring and dagnosis of machine hedth and
operation. New advances in technology have made it
posshle to acquire data & a rate and granularity never
before posgble by human interaction.

With the new capability to recaeve and analyze data &
such high rates, high granularity, and high avail ability,
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thereis a nedad for accurate and reliable ways to interpret
the data into a comprehensible result correlating to
machine hedth. There are many ways to do this,
depending on the system we are speaking of, and the
level of diagnosis we are trying to achieve. And because
there is an abundance of tods and methods to reiably
and acaurately diagnose machine health, it is often the
case that more than one tod is used at a time for a single
machine, possbly with partialy overlapping problem
domains. Hybrid applications that try and yield the
advantages of two a more types of applications, are
beaming more popular as the thought is they add some
value by having dfferent medanics acting together to
produce one result. In a sense this is what diagnostic
fusion isdoing.

Diagnostic information fusion attempts to find a
reliable way to combine the estimates of different
diagnostic tods [1]. In some instances, the reguirements
for a diagnostic fusion tod, aside from accurate and
reliable results, include its ability to successully produce
results without a priori knowledge of system limitations
or exceptions. This paper examines the dfediveness of
neural networks (NN) to handle this problem.

1.1 Diagnostic fusion via neural networks

A two-level system was developed, consisting d four
different diagnastic tods in the first level, and a single
fusiontod in the secondlevel. Raw sensor data ae fed
into the first level and the resulting ouputs are lleded
and fed into the second level that produces a better
solution than the best diagnastic tod for any condition
under consideration. As shown in Figure 1, the inpu to
the first level of the system are the measured feaures.
The output consists of four values indicaing the degree
of membership for ead of the four output classes. We
chose this approach ower an approach where the first
level subsystem generates a aisp class (from 1 to 4)
because this approach gives much more flexibility and
information to the second level system. In the gproach
chosen here, the membership approach alows a softer
clasdfication. The second level system then combines
the results of the first level systems and classfies the
inpu into a single dass We focus in this paper on the



fusion task and evaluate performance based onthe fused
membership values.
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Figure 1: The system architecture

Sincewe want to be ale to determine the best posshle
estimate from all the diagnagtic tods, withou a priori
knowledge of diagnostic tod performance a neural
network was chosen to dscover patterns related to
spedfic dasdficationsandto produce an acarate overall
asessment.

Three fusion tods were aeaed and evaluated. 1.) a
single 2 layer perceptron NN used to produwce asingle
fused ouput; 2.) a set of 2 layer perceptron NNs used to
fuse an ouput value; 3.) a 3 layer perceptron NN that
outputs the fused value. The set of 2 layer NNs was
cregded after drawbacks were discovered from
approaciing the problem with orly a single 2 layer NN
as the solution. We have chosen to include design ndes
and results of the single 2 layer NN method as a basis of
comparison to the eventual solution. This information
aso proves useful in explaining the success of the
eventual solution.

We mmpare the results of all three methods to draw
conclusions on their overal effediveness and make
recommendations for their usefulness

2 Experimental setup

A milling machine under various operating condtions
was ®leded as the madcine hedth we wish to dagnaose.
In particular, tod wea was investigated in a regular cut
aswell as entry cut and exit cut. Data sasmpled by three
different types of sensors (2 amustic emisson sensors, 2
vibration sensors, motor current sensor) were used to
determine the state of the wea of the todl. Asthe wea
measure, flank wea VB (the distance from the autting
edge to the end o the arasive wea on the flank faceof
the tool) was chosen. The flank wea was observed
during the eperiments by taking the insert out and
physicdly measuring the wea. The basic setup
encompasses the spinde and the table of the Matsuura
machining center MC-510v. An amustic emisson
sensor and a vibration sensor are eat mounted onto the
table and the spinde of the machining center. The
signals from all sensors are amplified and filtered, then
fed throughtwo RMS before they enter the computer for
data aquisition. The signa from a spinde motor
current sensor is fed into the computer withou further
processng. Data ae cdegorized into four classes and
are gproximated by fuzzy membership functions (no
wea, little wea, medium wea, highwea).

The inputs
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Figure 2. Inpu data
2.1 Input data transformation

Before being wsed, the following transformations were

applied to the data:

1. The data was snocthed by averaging wing a
window of 50 pants, and then the sample size was
reduced by sampling the resulting cata set at 50
point intervals.

2. Eachinpu and the output data was normalized to lie
between Oand 1

3. Since the output variable was smpled at much
larger intervals than the input variables, and since it
represents tod wea, the output data was further
smooathed by fitting a 3“ order polynomial.

Figure 2. shows the normalized inpu data. The output

data was caegorized into four classes using fuzzy

membership functions as sxown in Figure 3.
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T
No\iar
09}

—— T £s ~ I
S &
/ Little wear /Medium wear High wear

07} \/ \ / \/

o
>
—
—

Degree of membership
o ) )
w = n c
T

o
N}
v

o
\.
N
St
A

°\

= " = e
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Degree of wear

Figure 3. Membership functions
2.2 Diagnostic tods employed

Nearest Neighba classfier (NNBR): The first subsystem
uses a neaest neighba scheme for classfying the data
The cae base mnsists of a set of sensor readings and the
asciated urclassfied wea value. Given an inpu, the
k-neaest data points are determined and the assciated
wea values are averaged. This average is then used to
compute the membership degree for eadh o the four
classes.



Neural Network (NN1): The second subsystem is a
neural network that was trained on bnary classes. That
is, the target values were 0 and 1 \edors determined by
the maximum membership value over the four classes.

Neural Network (NN2): The third subsystem is also a
neural network, but this was trained to lean the
membership values themselves, as oppced to the
classes.

Fuzz Inference System (RM): The fourth subsystem is
afuzzy inference system implemented using a relational
matrix.

2.3 Previous approaches to determine tod
wear

On-linetod wear estimation is an issue in manufacturing
becuse most of the time it cannot be measured dredly.
In the ase of milling operations the diagnostic task is
confounded by extremely high noise as well as sgnals
seaningly indicating a different than true wear state due
to changes in work piecehardness non-uniform depth of
cut during the first pass changing amount and quality of
lubricant, etc. The highly non-linear nature of this
processmakes it hard to estimate the arrent wear state.
However, it is desirable to know the arrent wear state to
properly asses the impact on surface qualities thus
avoiding the neel to throw out work pieces. Furthermore,
there is a potential for costly damage to the machine due
to tod conditions (for example chatter) or tod breakage.
As a result manufacturers use @nservative operating
procedures to prevent these malfunctions [2]. However,
these result in less efficient and more stly production.
A number of diagnostic techniques have been devel oped
in the past attempt to deal with theses probems,
including neural networks [3], clustering agorithms [4],
Kohonen's Feature Map [5], fuzzy logic [6], and
probabili stic influence diagrams [7]. To achieve further
performance improvement, hybrid systems were proposed
to owercome shortcomings of individual systems, such as
fuzzy-neural systems [8]. Here, the author tried to cope
with the diagnostic task training membership functions
for each wear state using neural nets and then combining
them using fuzzy inferencing techniques. The results in
most approaches are optimized to a local level but suffer
from applicability to a wider range of operating
conditions.

3 Fusion approaches

Three different approaches were used to solve this
problem. The first approach used a single 2 layer
perceptron NN to learn the patterns of al four output
membership functions. The second approach used was a
set of four independent 2 layer perceptron NN, each one
representing the output of only one of the membership
functions.  The final approach used was a 3 layer
perceptron NN trained to learn the patterns of all four
output membership functions.

The first two approaches were chosen to compare the
effediveness of a 2 layer NN that is trained to discover

multiple interleaved patterns from a data set of smoath
and continuous data versus the dfedivenessof multiple 2
layer NNs trained on similar data to discover a subset of
the problem. The hypothesis underlying was that it was
more dfedive (and easier to implement) to construct
multi ple independent NNs customized to solve a subset of
the overall problem rather than implement one NN to
solve the entire probem. A side by side @mparison
yields evidence for the ability, or lack thereof, of a NN to
learn multi ple traits from continuous data.

The 3 layer NN approach was chosen to exploit the
universal generalization cgpabiliti es of such a system and
compare its ability to model multiple interleaved petterns
from a data set, versus the dfedivenessof smple NNs
with orly one hidden layer (i.e., 2 layer perceptrons).
We epeded the 3 layer NN to ouperform the 2 layer
NNs due to the former's promise to alow general
norinea mappings. However, in comparing results the
authors also nde the eae of implementation and training
of the solutions.

A training set of data was creaed from the experiments
undertaken choasing ore setting for feed and depth of cut
which were partitioned into four partialy overlapping
states of tod wea. Data crrespondng to “no wea”,
“little wea”, “medium wea”, and “highwea” at various
membership degrees were used. Although né as smocth
or continuous, Figure 3 gves a goodrepresentation d the
output membership values of the training fil e.

3.1 FNN1

This fuson reura network (FNN1) was a 2-layer
perceptron, with 16inpus, 16 nods in the hidden layer,
and four output nodes. FNN1 was trained wsing a
gradient descent badkpropagation method, and aiginally
was trained wsing all the data points in the training chta,
but was unable to model the smoath and continuows
nature of the membership functions and the training cata.
The granularity was too hgh for this NN to recmgrize
any dgtinctions within the data set and to partition the
data into the desired clases. Therefore seled feaures
were extraded to reduce the size and ganularity of the
training cata and to avoid overtraining the network. The
seleded feaures are shown as the shaded regions in
Figure 4.

Figure 4. FNN1 Training Data Fedures



These feaures, the max range of the membership
functions and the overlapping membership function
crosover points, were chosen becaise they provide the
esential information abou the shape of the membership
function: it's height, width, and suppat. While it would
be desirable for a neural network to model the etire
smoocth membership function, simply having it model the
maximum, minimum, and crosover points reduces the
complexity of the task. This all ows the general shape of
the membership function to be redized, prodwing
acceptable results and limited classfication error.

The feaures correspondng to maximum membership
function values contained twice & many data points as
those fedures correspondng to the membership
crosover points. This was dore becaise the NN had
difficulty modeling the stegp dope of the membership
functions around the aosover points with increassing
numbers of data points. One will also ndice that due to
the spedfic nature of the membership functions used,
seleding a larger interval of data representing the
maximum range of a membership function gave us
infformation abou the aosover of nonadjacet
membership functions. The NN was able to model these
crosover points with the larger number of data points
from the maximum value range becaise the membership
function dopes were much more gradual than at the true
crosover points. Figure 5 shows the achitedure of
FNN1, a smple perceptron with 16 inpus, 16 Hdden
noces, and 4 odput nocks.

16inpu
nodes
16 hdden nocks
Figure 5. FNN1 Architecure
3.2 FNN2

FNN2 consisted of a set of four 2 layer perceptrons, ead
one trained to lean the pattern o just one spedfic
output membership function. One NN was trained to
recognize the “no-wea” function, one for “littl e wea”,
one for “medium wea”, and ore for the “high wea”
function. Similar to FNN1 these were dso 2layer
perceptrons, with 16 inpus, 16 nocds in the hidden
layer, and four output nodes, trained using a gradient
descent badkpropagation method

Figure 6. FNN2 Training Data Feaures

FNN2 was trained with the same data & FNNL1,
however there was initially only minimal improvement.
Therefore alditional fedures were extraded from the
general training file. Figure 6 illustrates the fedures
scleded. Two maor differences between the new
feaures chosen and the originals were the number of
different feaures ®leded and the mnsistent interval size
of the feaures. (Each feaure was represented by the
same number of data points). Again the maximum of
ead membership function was chosen, but the qosover
points were omitted. The reason the qosover points
were omitted from this feaure seledion was becaise
they did na provide useful information abou the shape
of the membership function as once thought.

Instead feaures abou the change in the slopes of the
membership functions were chosen as criticd regions to
define the shape of the membership functions. From
Figure 6 we can see the regions we ae speking o
correspondto the slopes with £45° tangents on ead side
of the maximum value of a membership function. These
same regions, becaise of the nature of the membership
functions, also gave us information abou the change in
slope behavior of the aljacent membership functions.

16inpu

nodes 1 output

nodes

16 hidden nodes

Figure 7. FNN2 Architecure

Note that FNN1 could na be trained with the feaures
used for FNN2 because there was too much information



and the information was too continuows for FNN1 to
hande axd acarately represent the four output
membership functions. FNN2 was able to hande this
training file becaise eat o the perceptrons within
FNN2 was used to represent only one output membership
function.  Thus the duanging values of al the
membership functions and the aossng d threshdds
between membership functions did na affed its leaning,
because eat network wasinterested in orly the behavior
of one membership function.

Figure 7 is the achitedure of one of the perceptrons

FNN2, (recdl that FNN2 conssed o 4 such
independent NNs).
3.3 FNN3

The last implementation was a 3-layer neural network
(FNN3), with 2 Hdden layers, 8 nodesin the first layer, 4
noces in the second layer, and 4 odput nodes. This
network was trained by a genetic dgorithm (GA) using
the same training data a&s FNN2. We opted to use GAs for
tuning the network weights and thresholds, mainly for
their ease of use mpared to a badkpropagation
approach. We will nat give adetailed acournt of GAs
here and instea refer to the literature (for example in
Holland, [9], Grefenstette [10], and Goldberg [11]).
Chromosomes represented the 192 retwork weights
and were red valued chromosomes bound orthe interval
[-1 1. 500randam chromosomes were used in the initial
popuation. Normalized geometric seledion was used
with crosover rate of 60% and mutation rate of 5%, for
5000 gnerations. 50 trials were run, with the best
performer from ead run tested against the test data set,
and the average of these erors is reported. Figure 8
shows the achitedure of the 3-layer neura network
(FNN3) with 16inputs, 8 untsin the first hidden layer, 4
unitsin the seoond hdden layer, and 4 oudput nodes.
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Figure 8. FNN3 Architecure

FNN1, FNN2, and FNN3 were tested against the same
test data, which was sparate from the training cbta.

4 Basdline ase

In simple fusion schemes such as mgjority voting a basic
problem is the danger of ending upwith a system that

performed worse than the best individual tod because
the poa edtimates drag down the better one. One
potential solutionisto use an dof-line leaning system to
discover patterns and wseful information in aiding
corred and acaurate fusion o data.

The high successrate of one tod means that if it were
used as part of the mgority fusion, the performance
degrades smewhat. Thisisto be expeded, becaise the
votes of the poar performers will sometimes out vote the
corred one. The problem is greder with increasing
number of clasdficaion regions, as there will be caes
when ead system will generate adifferent class and the
majority voting system will then pick one randomly.

To avoid that, a priori information abou tod
performance ca be used to scde the different tods.
That is, the diagnostic opinion d some tods becomes
more important than that of others. This can be
acomplished by scding the tods by a weight, which in
turn is based on the tods clasdficétion rate. This is
admittedly a aude way becaise it does nat take into
acourt the performance for individual classes within a
tod. However, it serves well as a benchmark tod for our
purposes. Applying the @owve described scded vaing
scheme to the diagnaostic fusion task at hand, we get a
dightly improved result of 97.0% classfication
acaragy.

5 Results

Results' accuracy were measured by comparing the output
of the fuson NNs with the epeded value for each
membership function. An error is calculated as a point
for which the highest membership value for the fusion
NN output does not correspond to the same membership
function as the expeded value. In other words, an error
is not the difference in magnitude of the output
membership values, rather the absence of the wrred
membership value as having the highest magnitude, i.e.,
if for a sample the expeded output is for the “medium
wear” membership function to have the largest value, and
the fusion NN outputs “high wear” as having the largest
magnitude, then that is counted as a misclassfication
error.  We ompare the two different approaches by
measuring the hit percentage, or number of corred
classfications produced. Table 1 summarizes the results
of the acauracy rating of the four pre-fusion diagnostic
tods using this method.

Table 1. Classfication Rates

System Rate (%)
Neaest Neighba (NNBR) 96.8
Neural Network 1 (NN1) 80.6
Neural Network 2 (NN2) 86.7
Relational Matrix (RM) 810
FNN1 was trained to generate four values

corresponding to the four output membership functions.
On thefirst set of attempts FNN1 was unable to reagnize
the “no_wear” membership function and thus sored only
an accuracy rating of 82.88%. The probdem was in the



feature extraction of the training fil es because the no wear
data were too much undersampled. However, aside from
the lack of “no_wear” output, the network seemed to
model the system performance reasonably well. Figure 9
shows the output of FFN1 plotted against the expeded
values (dashed lines). One @n seethat the output closaly
foll ows the shape and magnitude of the expeded curves.

Figure 9. FNN1 original output

After expanded feature seledion (as mentioned in
sedion 2.3.1 and Figure 4) and retraining FNN1 the
output clasdfication rate improved to 92.8%% (still
beneath the best performing individual tod). The plot of
the generated output versus the expeded values aso
seamed to change for the worse. Figure 10 shows that no
longer do we seeatight tracking with the expeded values
aswe did for the first attempt. The fact that this network
was able to remgnize “no_wear” was the reason its
classfication rating went up, but overall the system lost
the ability to model the system performance with the
same granularity it once had.

This is the type of performance we would exped to see
from FNN1 gven the dose, interleaved, relationships of
all the membership functions, and the @ntinuous, smoath
nature of the data. These factors make it difficult for this
particular NN (espedally since it is only a 1-layer
perceptron) to distinguish between corred membership
values.

Figure 10. FNN1 improved ouput

The perceptrons within FNN2 were trained to ead
lean the membership function petterns of one output
function. Figure 11 shows the result of the trained FNN2
modue. One can seehow by training ead membership
function separately the network was given a chance to
lean the idiosyncrasies asociated with that membership
function ketter than trying to lean al at once Each
curve dosely follows the predicted value, even better
than previous networks. As a result the networks within
FNNZ2 resulted in a dasdfication rate of 97.3%, which is
better than the best performing dagnastic tod and ketter
than the voting wing a priori information. Table 2
summarizes the acarragy ratings of the different fusion
neural network methods.

Figure 11. FNN2 ouput

The successof FNN2 is attributed to the fad that it was
able to lean more details abou eadr membership
function than the singe FNN1. As the number of
membership functions (output categories) increases, with
more @wmplex systems, one ca infer from the results
obtained throughthis gudy, that multiple NNs trained to
recognze eab membership function individualy will
outperform networks trained to recognize dl of the
functions at one time.

Figure 12. FNN3 ouput

FNN3 provided the greatest acauracy. On average the
technique of using a GA to tune a 3-layer NN gave us an



acauracy rating of > 95%, with the single best performer
having an acauracy of 97.8%. In fact 34% of the trial
runs resulted in accuracy > 97%, while only 22% of the
trials gave acauracy lessthan 96%, with the lowest rating
of 88%. We @n see from Figure 12 that the output
membership functions were dosely reagnized, and
although they did not reach the full potential membership
value of 1, from the tight foll owing of the desired output,
we have high confidence in the actual values of each
output value as an accurate result of the diagnostics. We
would like to point out that there is an upper limit for
performance improvement because the tod wear was
approximated by a polynomial function while in fact we
were looking at finite steps of progressng tod wear.
Removal of this condition may further improve the
results.

Table 2. Clasdfication Rates of Fusion

System Rate (%)
FNN1 origina 829
FNN1 improved 929
FNN2 97.3
FNN3 (best) 97.8
FNN3 (avg) 95.8

6 Summary and final remarks

The use of fusion reural networks provides a means to
improve performance of individual diagnastic tods. In
experiments with data from a milling machine, the
performance of such reural networks is $own. The
advantage to the off-line leaning approach o a neural
network is the aility to succesqully fuse the diagnastic
information withou a priori knowledge of individual
diagnogtic tod performance. A priori knowledge is
sometimes hard to come by. Either the dasses have not
been olserved sufficiently onthe red system or it would
be extremely hard to run simulation kecaise of a ladk of
a proper model, etc. Therefore, a fusion system that can
ded withou explicit a priori tod performance
spedficationsis very attradive. One has to keep in mind
that there is implicit information abou system
performance enbedded in the labeled data. In ather
words, data for ead classand information abou the red
system state hads engrained information abou how a
particular diagncstic tod behaves.

It has also become gparent how important proper
feaure seledionis. Idedly one would like to chocse the
optimal fedures before venturing df to design the
clasdficaion and fusion tasks. Tods have been
developed to automate the feaure seledion pocess[12].
However, this is often times an iterative process becaise
particular tods can ded with particular feaures and
addtional or other feaures need to be chosen when a
different tod is considered. This areastill has sme open
guestions that are outside the scope of this paper.

Althoughwe have shown the goplicaion for diagnastic
information fusion, the task is esentialy the same for
any classfication task. Smilarly, the tod wea example
shall not be understood as limiting this process to a

manufaduring environment. Rather, applicaions from
the finance world, business etc. are equally pertinent.

6.1 Future work

The networks used in this discusson were trained using a
smple badpropoggation technique, as well as by
evolving GAs to dscover optimal weight settings.
Ancther use of GAs would be to evolve apopdation to
construct the a¢ual NN architedures as well.

Other future adivities include d@tempting to solve this
problem by uwsing cenetic dgorithms for fuzzy rule
discovery. One muld attempt to evolve aset of fuzzy
rules describing the data mming from the different
diagnogtic tods and mapping it to an appropriate
classficaion. This approach will address the seach
cgoabiliti es of the GA, as well asits emergent properties
to dscover sets of schemata to represent broad-based
rules. The problem of inpu universe cverage and
successve overlap and fusion d these rules will aso be
anisseto consider.

Since it becane gparent that proper feaure seledion
posed a battlenedk ealy in the projed, a proper feaure
seledion process needs to be employed to choose the
most relevant feaures upfront.
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